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Be free with your tempo, be free be free

Surrender your ego - be free, be free to yourself”

Queen, Innuendo, 1991.
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Agustin Archaeological Park of Colombia. (Draw-
ing of Manuel Maria Paz, 1857)
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REsuMm

3 L PROCESSAMENT DEL LLENGUATGE NATURAL (PLN, o NLP per les seues sigles en anglés de Nat-
2> ural Language Processing) és un camp de recerca interdisciplinar de les Ciéncies de la Com-
putacid, la Lingtiistica i el Reconeixement de Patrons que estudia, entre d’altres, 1'ts del llen-
guatge natural huma en la interacci6 Home-Maquina. La majoria de les tasques de recerca del PLN es
poden aplicar per resoldre problemes del mén real. Aquest és el cas del reconeixement i la traduccid
del llenguatge natural, que es poden utilitzar per construir sistemes automatics per a la transcripci6 i
traduccié de documents.

Quant als documents manuscrits digitalitzats, la transcripcié s’utilitza per facilitar ’accés digital
als continguts, ja que la simple digitalitzacié d’imatges només proporciona, en la majoria dels casos,
la cerca per imatge i no per continguts lingtiistics (paraules clau, expressions, categories sintactiques
o semantiques). La transcripcié és encara més important en el cas dels manuscrits historics, ja que la
majoria d’aquests documents sén tnics i la preservacié del seu contingut és crucial per raons culturals
i historiques.

La transcripcié de manuscrits historics sol ser realitzada per paleografs, els quals s6n persones ex-
pertes en escriptura i vocabulari antics. Recentment, els sistemes de Reconeixement d’Escriptura (RES,
o HTR per les seues sigles en angles de Handwritten Text Recognition) s’han convertit en una eina co-
muna per ajudar els paleografs en la seua tasca, la qual proporciona un esborrany de la transcripcié que
els paleografs poden esmenar amb metodes més o menys sofisticats. Aquest esborrany de transcripcié
és util quan presenta una taxa d’error prou reduida perque el procés de correccid siga més comode que
una completa transcripcié des de zero. Per tant, 'obtencié d’un esborrany de transcripcié amb un baixa
taxa d’error és crucial perqué aquesta tecnologia del PLN siga incorporada en el procés de transcripcid.

El treball descrit en aquesta tesi se centra en la millora de ’esborrany de la transcripcié ofert per
un sistema RES, amb 'objectiu de reduir l'esfor¢ realitzat pels paledgrafs per obtenir la transcripcié de
manuscrits historics digitalitzats. Aquest problema s’enfronta a partir de tres escenaris diferents, pero
complementaris:

e Multimodalitat: L'tis de sistemes RES permet als paleografs accelerar el procés de transcripcié
manual, ja que sén capagos de corregir un esborrany de la transcripcié. Una altra alternativa és
obtenir I'esborrany de la transcripcié dictant el contingut a un sistema de Reconeixement Au-
tomatic de la Parla (RAP, o ASR per les seues sigles en angles de Automatic Speech Recognition).
Quan les dues fonts (imatge i parla) estan disponibles, una combinacié multimodal és possible i
es pot realitzar un procés iteratiu per refinar la hipotesi final.

* Interactivitat: L'ts de tecnologies assistencials en el procés de transcripcié permet reduir el temps
il’esfor¢ huma requerits per obtenir la transcripcio real, gracies a la cooperacié entre el sistema as-
sistencial i el paleograf per obtenir la transcripcié perfecta. La realimentacié (feedback en anglés)
multimodal es pot utilitzar en el sistema assistencial per proporcionar fonts d’informacié addi-
cionals amb senyals que representen la mateixa seqiiencia de paraules a transcriure (per exemple,
una imatge de text, o el senyal de parla del dictat del contingut d’aquesta imatge de text), o senyals
que representen només una paraula o caracter a corregir (per exemple, una paraula manuscrita
mitjancant una pantalla tactil).

* Crowdsourcing: La col-laboracié distribuida i oberta (crowdsourcing) sorgeix com una poderosa
eina per a la transcripcié massiva a un cost relativament baix, ja que l'esfor¢ de supervisié dels
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paleografs pot ser reduit drasticament. La combinacié multimodal permet utilitzar el dictat del
contingut de linies de text manuscrit en una plataforma de crowdsourcing multimodal, on els
col-laboradors poden proporcionar les mostres de parla utilitzant el seu propi dispositiu mobil
en lloc d’utilitzar ordinadors d’escriptori o portatils, la qual cosa permet ampliar el nombre de
col-laboradors reclutables.

Aquests escenaris s6n la motivacié dels principals objectius cientifics i tecnologics:

* Estudiar les técniques de combinacié unimodal i multimodal, per tal de proposar una nova técnica
de combinacié multimodal per millorar la transcripcié d’imatges de texts manuscrits historics
utilitzant el dictat dels continguts d’aquestes imatges.

* Estudiar 1'ts de técniques de combinacié multimodal en un sistema de transcripci6 assistida per
ordinador per accelerar el procés de transcripcié interactiu.

* Desenvolupar una plataforma crowdsourcing multimodal per a la transcripcié de manuscrits
historics basada en les técniques de combinacié multimodal estudiades.

Les aportacions a l’estat de I’art d’aquesta tesi es poden resumir en: I’avaluacié de com combinar
les eixides de diferents sistemes de reconeixement de llenguatge natural, la integraci6 de la combinacié
de diferents senyals en un sistema de transcripcié assistida per ordinador, i el desenvolupament d’una
plataforma crowdsourcing multimodal per a la transcripcié de manuscrits historics.




RESUMEN

&3> L ProcesaMiENTO DEL LENGUAJE NaTURAL (PLN, 0 NLP por sus siglas en inglés de Natural
2> Language Processing) es un campo de investigacién interdisciplinar de las Ciencias de la
Computacién, Lingtistica y Reconocimiento de Patrones que estudia, entre otros, el uso del
lenguaje natural humano en la interaccién Hombre-Maquina. La mayoria de las tareas de investigacién
del PLN se pueden aplicar para resolver problemas del mundo real. Este es el caso del reconocimiento
y la traduccién del lenguaje natural, que se pueden utilizar para construir sistemas automaticos para la
transcripcién y traduccién de documentos.

En cuanto a los documentos manuscritos digitalizados, la transcripcién se utiliza para facilitar
el acceso digital a los contenidos, ya que la simple digitalizacién de imdgenes s6lo proporciona, en la
mayoria de los casos, la biisqueda por imagen y no por contenidos lingiiisticos (palabras clave, expre-
siones, categorias sintdcticas o semdnticas). La transcripcién es ain mdas importante en el caso de los
manuscritos histdricos, ya que la mayoria de estos documentos son inicos y la preservacién de su con-
tenido es crucial por razones culturales e histéricas.

La transcripcién de manuscritos histéricos suele ser realizada por palebgrafos, que son personas
expertas en escritura y vocabulario antiguos. Recientemente, los sistemas de Reconocimiento de Es-
critura (RES, o HTR por sus siglas en inglés de Handwritten Text Recognition) se han convertido en una
herramienta comun para ayudar a los paledgrafos en su tarea, la cual proporciona un borrador de la
transcripciéon que los paledgrafos pueden corregir con métodos mas o menos sofisticados. Este borrador
de transcripcién es util cuando presenta una tasa de error suficientemente reducida para que el proceso
de correccién sea mas cémodo que una completa transcripciéon desde cero. Por lo tanto, la obtencién de
un borrador de transcripcién con una baja tasa de error es crucial para que esta tecnologia de PLN sea
incorporada en el proceso de transcripcion.

El trabajo descrito en esta tesis se centra en la mejora del borrador de transcripcién ofrecido
por un sistema RES, con el objetivo de reducir el esfuerzo realizado por los paleégrafos para obtener
la transcripcién de manuscritos histéricos digitalizados. Este problema se enfrenta a partir de tres
escenarios diferentes, pero complementarios:

* Multimodalidad: El uso de sistemas RES permite a los paledgrafos acelerar el proceso de tran-
scripcién manual, ya que son capaces de corregir en un borrador de la transcripcién. Otra al-
ternativa es obtener el borrador de la transcripcién dictando el contenido a un sistema de Re-
conocimiento Automatico de Habla (RAH, o ASR por sus siglas en inglés de Automatic Speech
Recognition). Cuando ambas fuentes (imagen y habla) estan disponibles, una combinacién multi-
modal de las mismas es posible y se puede realizar un proceso iterativo para refinar la hipétesis
final.

* Interactividad: El uso de tecnologias asistenciales en el proceso de transcripcién permite reducir
el tiempo y el esfuerzo humano requeridos para obtener la transcripcién correcta, gracias a la co-
operacién entre el sistema asistencial y el paledgrafo para obtener la transcripcién perfecta. La
realimentacion (feedback en inglés) multimodal se puede utilizar en el sistema asistencial para
proporcionar otras fuentes de informacién adicionales con sefiales que representen la misma se-
cuencia de palabras a transcribir (por ejemplo, una imagen de texto, o la sefial de habla del dictado
del contenido de dicha imagen de texto), o sefiales que representen sélo una palabra o caracter a
corregir (por ejemplo, una palabra manuscrita mediante una pantalla tactil).
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* Crowdsourcing: La colaboraciéon distribuida y abierta (crowdsourcing) surge como una poderosa

herramienta para la transcripcién masiva a un costo relativamente bajo, ya que el esfuerzo de
supervisiéon de los paledgrafos puede ser drasticamente reducido. La combinacién multimodal
permite utilizar el dictado del contenido de lineas de texto manuscrito en una plataforma de
crowdsourcing multimodal, donde los colaboradores pueden proporcionar las muestras de habla
utilizando su propio dispositivo mévil en lugar de usar ordenadores de escritorio o portétiles, lo
cual permite ampliar el namero de colaboradores reclutables.

Estos escenarios son la motivaciéon de los principales objetivos cientificos y tecnolédgicos:

Estudiar las técnicas de combinacién unimodal y multimodal, con el fin de proponer una nueva
técnica de combinacién multimodal para mejorar la transcripcién de imdégenes de textos
manuscritos histdricos utilizando el dictado de los contenidos de dichas imagenes.

Estudiar el uso de técnicas de combinacién multimodal en un sistema de transcripcién asistida
por ordenador para acelerar el proceso de transcripcién interactivo.

Desarrollar una plataforma multimodal de crowdsourcing para la transcripcién de manuscritos
histéricos basada en las técnicas de combinacién multimodal estudiadas.

Las aportaciones al estado del arte de esta tesis se pueden resumir en: la evaluacién de cémo

combinar la salida de diferentes sistemas de reconocimiento de lenguaje natural, la integracién de la
combinacién de diferentes sefiales en un sistema de transcripcién asistida por ordenador, y el desarrollo
de una plataforma multimodal de crowdsourcing para la transcripcién de manuscritos histéricos.
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ABSTRACT

ATURAL LANGUAGE ProcessinG (NLP) is an interdisciplinary research field of Computer Science,
Linguistics, and Pattern Recognition that studies, among others, the use of human natural lan-
guages in Human-Computer Interaction (HCI). Most of NLP research tasks can be applied for

solving real-world problems. This is the case of natural language recognition and natural language

translation, that can be used for building automatic systems for document transcription and document
translation.

Regarding digitalised handwritten text documents, transcription is used to obtain an easy digital
access to the contents, since simple image digitalisation only provides, in most cases, search by image
and not by linguistic contents (keywords, expressions, syntactic or semantic categories, ...). Transcrip-
tion is even more important in historical manuscripts, since most of these documents are unique and
the preservation of their contents is crucial for cultural and historical reasons.

The transcription of historical manuscripts is usually done by paleographers, who are experts on
ancient script and vocabulary. Recently, Handwritten Text Recognition (HTR) has become a common
tool for assisting paleographers in their task, by providing a draft transcription that they may amend
with more or less sophisticated methods. This draft transcription is useful when it presents an error
rate low enough to make the amending process more comfortable than a complete transcription from
scratch. Thus, obtaining a draft transcription with an acceptable low error rate is crucial to have this
NLP technology incorporated into the transcription process.

The work described in this thesis is focused on the improvement of the draft transcription offered
by an HTR system, with the aim of reducing the effort made by paleographers for obtaining the actual
transcription on digitalised historical manuscripts. This problem is faced from three different, but
complementary, scenarios:

* Multimodality: The use of HTR systems allow paleographers to speed up the manual transcrip-
tion process, since they are able to correct on a draft transcription. Another alternative is to obtain
the draft transcription by dictating the contents to an Automatic Speech Recognition (ASR) sys-
tem. When both sources (image and speech) are available, a multimodal combination is possible
and an iterative process can be used in order to refine the final hypothesis.

* Interactivity: The use of assistive technologies in the transcription process allows one to reduce
the time and human effort required for obtaining the actual transcription, given that the assistive
system and the palaeographer cooperate to generate a perfect transcription. Multimodal feedback
can be used to provide the assistive system with additional sources of information by using signals
that represent the whole same sequence of words to transcribe (e.g. a text image, and the speech
of the dictation of the contents of this text image), or that represent just a word or character to
correct (e.g. an on-line handwritten word).

* Crowdsourcing: Open distributed collaboration emerges as a powerful tool for massive tran-
scription at a relatively low cost, since the paleographer supervision effort may be dramatically
reduced. Multimodal combination allows one to use the speech dictation of handwritten text lines
in a multimodal crowdsourcing platform, where collaborators may provide their speech by using
their own mobile device instead of using desktop or laptop computers, which makes it possible to
recruit more collaborators.
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These scenarios are the motivation for the main scientific and technological goals:

* To study the unimodal and multimodal combination techniques, in order to propose a new mul-
timodal combination technique for improving the draft transcription of historical text images by
using the speech dictation of the contents of the same text images.

* To study the use of multimodal combination techniques in a computer assisted system to acceler-
ate the interactive transcription process.

* To develop a multimodal crowdsourcing platform based on the studied multimodal combination
techniques.

The contributions to the state of the art of this thesis can be summarised in: the evaluation on how
to combine the decoding output of different natural language recognition systems, the integration of the
combination of different signals in a computer assisted transcription system, and the development of a
multimodal crowdsourcing platform for the transcription of historical manuscripts.
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INTRODUCTION

“Any sufficiently advanced technology is indistinguishable from magic.”

Arthur C. Clarke, Profiles of the Future: An Inquiry Into the Limits of the Possible, 1962.
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Stafur gegn galdri: Icelandic rune to protect against witchcraft
from all four corners of the earth. (Galdrakver “Little Book of
Magic”, 1670)
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% X cultural transmission is analogous to genetic transmission in that, although basically

'[ : conservative, it can give rise to a form of evolution.”
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o k Richard Dawkins, The Selfish Gene, 1976.
Content
1.1 Motivation . . . . . . . . L e e e 3
1.2 Scientific and Technological Objectives . . . . . ... ... . ... ... ...... 4
1.3 Document Structure . . . .. . . .. . ittt e 5
Bibliography . . . . . . . . e e 5

A

N THIS INTRODUCTORY CHAPTER the motivation for performing this doctoral thesis, the scientific
and technological objectives, and the structure of the present document are presented.

1.1 Motivation

Transcription of historical documents is an interesting task for libraries in order to provide efficient
information access to text transcription of digitised historical documents. The manual transcription
process is done by professionals called paleographers. In the latest years, the use of off-line Handwritten
Text Recognition (off-line HTR) systems (Fischer, 2012) allowed to speed up the manual transcription
process. However, state-of-the-art off-line HTR systems (Manoj et al., 2016) are far from being perfect,
and paleographer supervision is required to really produce a transcription of standard quality. The
initial result of automatic recognition may make the paleographers task easier, since they are able to
perform corrections on a good draft transcription.

In addition to using off-line HTR systems from historical text images, other modalities of natu-
ral language recognition systems can be used to help paleographers on the transcription process, such
as Automatic Speech Recognition (ASR) (Rabiner and Juang, 1993) from the dictation of the contents,
and on-line HTR (Plamondon and Srihari, 2000) from touchscreen pen strokes. In this context, a multi-
modal interactive assistive scenario (Toselli et al., 2011), where the automatic system and the paleogra-
pher cooperate to generate the perfect transcription, would reduce the time and the paleographer effort
required for obtaining the final result.

The use of multimodal collaborative transcription applications (crowdsourcing) (Fornés et al.,
2014), where collaborators can employ speech dictation of text lines as transcription source from their
mobile devices, allows for a wider range of population where volunteers can be recruited, producing a
powerful tool for massive transcription at a relatively low cost, since the supervision effort of paleogra-
phers may be dramatically reduced.

Ilustration info: Alfonso X, Violante de Aragén, and Fernando de la Cerda (Tumbo de Toxosoutos, 13th century).
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In this thesis, the reduction of the required effort of the paleographer for obtaining the actual
transcription of digitalised historical manuscripts is studied in the following scenarios:

e Multimodality: An initial draft transcription of a handwritten text image can be obtained by
using an off-line HTR system. An alternative for obtaining this draft transcription is to dictate
the contents of the text image to an ASR system. Furthermore, when both sources (image and
speech) are available, a multimodal combination is possible, and an iterative process can be used
in order to refine the draft transcription. Multimodal combination can be used in interactive
transcription systems for combining different sources of information at the system input (such as
off-line HTR and ASR), as well as to incorporate the user feedback (on-line HTR). At the same time,
the multimodal and iterative combination process can be used to improve the initial off-line HTR
draft transcription by using the ASR contribution of different speakers in a collaborative scenario.

* Interactivity: The use of assistive technologies in the transcription process reduces the time and
human effort required for obtaining the actual transcription. The assistive transcription system
proposes a hypothesis, usually derived from a recognition process of the handwritten text image.
Then, the paleographer reads it and produces a feedback signal (first error correction, dictation,
etc.), and the system uses it to provide an alternative hypothesis, starting a new cycle. This process
is repeated until a perfect transcription is obtained. Multimodality can be incorporated to the
assistive transcription system, in order to improve the user feedback and to provide the system
with additional sources of information.

* Crowdsourcing: Open distributed collaboration to obtain initial transcriptions is another option
for improving the draft transcription to be amended by the paleographer. However, current tran-
scription crowdsourcing platforms are mainly limited to the use of non-mobile devices, since the
use of keyboards in mobile devices is not friendly enough for most users. An alternative is the use
of speech dictation of handwritten text lines as transcription source in a crowdsourcing platform
where collaborators may provide their speech by using their own mobile device. Multimodal com-
bination allows the improvement of the initial handwritten text recognition hypothesis by using
the contribution of speech recognition from several speakers, providing as a final result a better
draft transcription to be amended by a paleographer with less effort. In this framework, since col-
laborators are usually a scarce resource, their acquisition effort should be optimised with respect
to the quality of the draft transcriptions.

1.2 Scientific and Technological Objectives

The main scientific and technological goals of this thesis are the following;:

* The study of the multimodal combination of Handwriting Text and Speech Recognition sys-
tems: The combination of natural language recognition systems allows the improvement of the
recognition accuracy. In most cases, this combination can be performed in three different stages
of the recognition process: in the feature extraction stage (feature combination) (Potamianos and
Neti, 2001), in the search process (probability combination) (Hernando et al., 1995), and in the
decoding output (hypothesis combination) (Fiscus, 1997). However, in this thesis only the hy-
pothesis combination will be studied given the asynchrony between the text image and the speech
audio, and the different basic units for words on each modality (characters for HTR and phonemes
for ASR).

* The improvement of an assistive transcription system: Multimodal combination of natural
language recognition systems will allow the incorporation of new sources of information in an
interactive transcription system called “Computer Assisted Transcription of Text Images”
(CATTI) (Romero et al., 2012; Martin-Albo et al.,, 2013). We will study the multimodal
combination at the CATTI system input, and we will use multimodal combination to integrate
the user feedback through touchscreen pen strokes in the CATTI system.

* The development of a multimodal crowdsourcing platform for the transcription of historical
manuscripts: We will propose a platform with a Client/Server architecture based on multimodal
combination of natural language recognition systems where volunteers will be able to collaborate
with the transcription of historical manuscripts by using their own mobile devices. In addition,
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given that collaborators are a scarce resource, the optimisation of their work load will be studied
in order to get the maximum benefit from their efforts.

1.3 Document Structure

This thesis is structured in five parts to facilitate the reading experience. Part I contains this introduc-
tory chapter (Chapter 1), and the next one (Chapter 2) introduces the basic concepts. Part II is dedicated
to multimodality. Chapter 3 presents the proposed multimodal combination technique, and Chapter 4
shows the performed multimodal experiments. Interactivity is presented in Part III. Chapter 5 details
the proposed improvements for the multimodal CATTI framework. Next, the experiments carried out
to study the use of speech as an additional source of information at the CATTI input, and the integration
of the user feedback (on-line HTR) are described in Chapter 6. Crowdsourcing is discussed in Part IV.
The suggested multimodal crowdsourcing framework is reviewed in Chapter 7. Then, the experiments
performed to assess this multimodal crowdsourcing framework are presented in Chapter 8. Finally, in
Chapter 9 (contained in Part V) the conclusions of this thesis, and the future work lines are summarised.
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Ilustration info: Drawing of a tesseract (Alexander Horne, Theosophy and the Fourth Dimension, 1928).
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2.1 Statistical Natural Language Recognition

The goal of natural language recognition systems is to obtain the transcription of the input data (a
handwritten text image or a speech utterance), usually represented as a determined sequence of features
vectors, as a sequence of words given a lexicon (Toselli et al., 2004). The fundamental formulation of
statistical natural language recognition is: given a sequence of data d = (d;,d,,..., d, ) (for instance, from
a handwritten text image or a speech signal) encoded into the feature vector sequence £ = (x,x,...,X|3),
finding the most likely word sequence W = (wy, w»,...,wyy), that is:

W = argmaxP(w | £) = argmax

=argmaxP (£ | w)P(w) (2.1)
weW weW Ay

weW

where W denotes the set of all permissible sentences, P(%) is the a priori probability of observing %, P(i)
is the probability of ©, and P(£ | w) is the probability of observing £ by assuming that w is the underlying
word sequence for £.

Most current natural language recognition systems handle the recognition process in two steps: a
preprocessing step where feature vectors are extracted from the input data, and a recognition step where
the system produces the most statistically likely output given the input feature vectors. In Figure 2.1
this scheme is presented.

Recognition
P(x[w)
Pz |b) P(b| W) 1
3 Morphological Lexicon |
d Preprocessing | . | model model 1w
Input data ————|  and feature oo T '——— Transcription
extraction P(w)
Language
model

Figure 2.1: Scheme of a two-step process in natural language recognition.

In the recognition step, statistical language properties can be represented by using three statisti-
cal models. The morphological model models the relationship between the features of the input signal
and the basic units of the language (typically approximated by concatenated Hidden Markov Models
-Section 2.3.1-). The lexicon model contains the available vocabulary, where words are modelled as se-
quences of basic sub-word units b=(by,by,..., blfﬂl) (habitually characters for HTR and phones for ASR).
Therefore, P(% | w) is evaluated by using the morphological and the lexicon models. Assuming inde-
pendence between the morphological realisation of words and their transcription (Yun and Oh, 1999),
P(% | W) can be represented as:

P(%| W) = Z P(% | b)P(b | ) (2.2)

where By, represents all possible sequences of basic sub-word units for the word sequence w, P(% | b) is
modelled by the morphological model, and P(b | 1) by the lexicon model. Finally, the language model
models the permissible word sequences and approximates P(w) (usually it is modelled by a n-gram
word language model -Section 2.3.2-). In addition of the word order, language models can be used to
model the language syntax and the semantic information of the words (Bod, 2000).

This approach can be used to solve different natural language problems depending on the source
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of the input data. In this work we have worked with the following three different types of recognition
systems:

* Automatic Speech Recognition (ASR): The source of the input data sequence is a speech sig-
nal (Rabiner and Juang, 1993).

* Handwriting Text Recognition (HTR): The input data is related to handwriting. There are two
different HTR modes, depending on the handwriting data source:

— Off-line HTR: The handwriting input data sequence is originated from text images. This HTR
mode allows the transcription of texts originally contained on non-digital formats, such as
historical manuscripts (Fischer, 2012). The digitisation can be performed easily using scan-
ners or photographic cameras. However, it presents the drawback that usually the available
information is limited to the content of the digital image.

— On-line HTR: The handwriting input data is provided by means of touchscreen pen strokes.
The data acquisition for this mode requires specialised hardware (such as touch-screens) to
acquire the kinematical information of the user handwriting (Martin-Albo Simén, 2016). This
kinematical information is richer than that of a text image, since it can be rendered in order
to obtain a digital image to be transcribed by an off-line HTR system. It also provides data on
the sequence of points followed by the user handwriting.

These recognition systems are composed of two phases:

* Training: In the model generation phase the statistical models are estimated by using labeled
corpora, i.e. for each entry sequence X, the expected transcription output w is known.

* Testing: In the pattern matching phase the system estimates the most likely transcription for the
input sequence. In this phase it is possible to measure the error made by the system if a labeled
input is available.

2.2 Preprocessing and Feature Extraction

Feature extraction is the process of calculating a compact parametric representation of the input signal
features which are relevant for automatic recognition (Rabiner and Juang, 1993). Therefore, the feature
extraction is performed after a preprocessing step, which depends on the nature of the input data. On
the one hand, ASR preprocessing enhances the audio signal according to the human psychoacoustics.
On the other hand, off-line HTR preprocessing is aimed at correcting image degradations and geometry
distortions, while on-line HTR preprocessing involves usually only two simple steps: repeated points
elimination and noise reduction.

2.2.1 Automatic Speech Recognition Features

With respect to speech features, computing Mel-Frequency Cepstral Coefficients (MFCC) is the most
commonly used feature extraction method from audio signals in ASR. The Fourier transform is calcu-
lated over a window of a pre-emphasised signal. Next, a Mel scale filter-bank is applied and the filters
outputs are logarithmised. Finally, to obtain the MFCC a discrete cosine transformation is applied (Ra-
biner and Juang, 1993).

In some applications, ASR systems need to be robust with respect to their acoustical environment,
such as ASR systems used from mobile devices. One technique for robust speech recognition is Cepstral
Mean Normalisation (CMN). CMN is performed after the MFCC feature extraction, by means of the
subtraction of the cepstral mean from all the vectors. This normalisation allows one to compensate the
long-term spectral effects caused by different microphones and acoustical environments in the final ASR
features (Liu et al., 1993). In robust on-line ASR, Segmental Cepstral Mean Normalisation (SCMN) can
be applied on buffered segments of the audio signal (Viikki and Laurila, 1998).

In this work, a sampling rate of 16 KHz, a frame length of 25 ms, 10 ms of shift interval, and
a filter-bank of 23 equidistant (in Mel frequency domain) triangular filters are used. Then, the first
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(a) Audio waveform.

(c) MFCC speech features. (d) MFCC with CMN speech features.

Figure 2.2: Speech audio signal and ASR feature extraction.
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(a) Original text line image. (b) Grey level, filtered and normalised.
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(c) Horizontal derivative. (d) Vertical derivative.

Figure 2.3: Text line image and off-line HTR feature extraction.

12 MFCC and log frame energy with first and second order derivatives are used, resulting in a 39-
dimensional feature vector (ETSI, 2003). Figure 2.2 presents an audio signal (waveform and spectro-
gram) and the graphical representation of the obtained MFCC feature vectors with and without CMN.

2.2.2 Off-line Handwriting Text Recognition Features

There are different approaches for obtaining the off-line handwritten text features (Bunke et al., 1995;
Toselli et al., 2004; Kozielski et al., 2013). In this thesis, the off-line handwritten text features are com-
puted in several steps from text line images following the approach presented in (Toselli et al., 2004).
In the extraction process, first a bright normalisation is performed. After that, a median filter is applied
to the whole image. Next, slant correction is performed by using the maximum variance method (Pastor
et al., 2004). Then, a size normalisation is performed and the final image is scaled. Finally, each prepro-
cessed text line image is represented as a sequence of feature vectors. To do this, the text line image is
divided into squared cells. From each cell, three features are calculated: normalised grey level, horizon-
tal grey level derivative and vertical grey level derivative. Columns of cells (frames) are processed from
left to right and a feature vector is constructed for each frame by stacking the three features computed
in its constituent cells.

In this work, a median filter of size 3 x 3 pixels, a height of 40 pixels, and squared cells of size
20 x 20 pixels are used. The final feature vectors are of 60 dimensions (20 normalised grey level, 20
horizontal grey level derivative, and 20 vertical grey level derivative) (Toselli et al., 2004). Figure 2.3
presents an example of the feature vectors sequence obtained from one text line image.

2.2.3 On-line Handwriting Text Recognition Features

In the on-line handwritten text feature extraction a touchscreen coordinates sequence is transformed
into a new speed- and size-normalised temporal sequence of feature vectors (Toselli et al., 2007). In

10
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our case, for each point a 6-dimensional feature vector is calculated. First, both coordinates are size-
normalised and translated in order to preserve the aspect ratio. Then, the speed-normalised first and
second derivatives are calculated (Martin-Albo Simén, 2016).

2.2.4 Tandem Features

In the tandem feature extraction scheme, a neural network is trained to estimate the posterior probabil-
ities of the basic units (usually characters for HTR and phones for ASR) at frame level, which are used
as input features in a conventional recogniser (Hermansky et al., 2000). This means that the size of the
input layer of the neural network should match the size of the pre-processed feature vectors and the size
of the output layer should match the size of the set of basic units. In Figure 2.4, this tandem features
extraction scheme is represented. The frame-level labelling required to train this neural network can
be generated from a forced alignment decoding by a previously trained recognition system (Hermansky
etal., 2000). This forced alignment decoding and the model training must be repeated several times un-
til the convergence of the frame labels. Finally, the tandem features are constituted by the log posterior
probabilities of the neural network output.

In this thesis, tandem features were extracted for off-line HTR and ASR. Therefore, different
Multi-Layer Perceptrons (MLP) with a softmax transfer function at the output layer were trained by
backpropagation with a mean-squared error criterion.

Neural Network model

Input data L} Pregrfocessmg X 0 Basic units
’ o ea‘Fure probabilities
extraction

Figure 2.4: Block diagram of the tandem features extraction scheme.

The use of the tandem approach (Hermansky et al., 2000) allowed us to obtain additional recogni-
tion systems for the unimodal-multimodal experiment performed in Section 4.4. Although deep learn-
ing techniques (Hinton et al., 2012; Goodfellow et al., 2016) allow to train complex neural networks,
we chose to use the traditional multilayer perceptron with only one hidden layer due to our limited
technical capacities at the time this work was done.

2.3 Statistical Modelling

A statistical model is a non-deterministic class of mathematical model where some variables have prob-
ability distributions instead of specific values, i.e. some of the variables are stochastic (McCullagh,
2002). Statistical models describe a set of probability distributions, which are assumed to adequately
approximate the generation process of a specific data set distribution in the case of generative models,
or to model a direct map to the class labels in the case of discriminative models. Namely, given the in-
puts x and labels y, generative models learn the joint probability distribution P(x,y) and the conditional
probability distribution P(x | y) can be calculated by using the Bayes rule, whilst discriminative models
learn directly P(x | y) (Ng and Jordan, 2001).

11
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Figure 2.5: A left-to-right HMM with 5 states for HTR. This HMM models the character a. a;; is the
probability to transit from state s; to state s;. b;(a) is the probability to emit the features related to
character a in state s;.

Speech signal

Feature vectors
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Figure 2.6: A left-to-right HMM with 3 states for ASR. This HMM models the phoneme /a/. a;; is the
probability to transit from state s; to state s;. b;(/a/) is the probability to emit the features related to
phoneme /a/ in state s;.

As previously said, usually, in statistical natural language recognition three different models are
used: morphological model, language model, and lexicon model.

2.3.1 Morphological Modelling

Morphological models are used in natural language recognition to represent the relationship between
the input signal (such as image, pen strokes or audio) and the basic morphological units that make

12
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up the language in the corresponding modality (phones for speech audio, characters for text images,
strokes for on-line handwriting, etc.) (Manning and Schiitze, 1999).

These models can be implemented through Hidden Markov Models (HMM) (Baum and Petrie,
1966; Baum and Eagon, 1967), Artificial Neural Networks (ANN) (Bishop, 1995), Deep Neural Net-
works (DNN) (Hinton et al., 2012), or even as Hybrid HMM/ANN models (Bourlard and Morgan, 1998).
In the last years, the research in deep learning for morphological modelling has produced a break-
through in the field of natural language processing (Wang et al., 2012; Graves and Jaitly, 2014; Good-
fellow et al., 2016). However, HMM are still widely used for morphological modelling in many natural
language recognition tasks, such as speech (Bennett et al., 2014), off-line handwriting (Fischer et al,,
2013; Giménez et al., 2014), on-line handwriting (Samanta et al., 2014), and audio-visual speech (Sad
et al., 2015). Besides, HMM can be used to recognise human facial expressions and its associated emo-
tions (Kung et al., 2016).

Although a few years ago morphological deep learning based models have proven to be better
than those based on HMM (Bluche et al., 2014), the technological requirements for working with this
kind of models are not always available. This was our case; therefore, we decided to use morphological
models based on HMM, and focus our research on improving the results after the decoding process.

The morphological models used in this thesis are composed of a set of HMM, where each HMM
represents a basic unit of the words according to the nature of the input signal. Usually, these basic units
are phones for ASR and characters for HTR. The morphological models are called acoustical models,
optical models, and kinematical models, for ASR, off-line HTR, and on-line HTR, respectively.

An HMM is a probabilistic finite state model, whose succinct notation is A = (4, B, ), and has the
following elements (Rabiner, 1989):

* A number of states N.
* A number of different observations per state M.
* A probability distribution of transition between states s; and s; A = {a;;}.
* An emission probability distribution of each observation x for each state s; B = {b;(x)}.
¢ An initial state probability distribution 7 = {r;}.
This definition corresponds to a generic HMM, and yields the following HMM standard condi-
tional independence assumptions (Rabiner, 1989):

* The Markov assumption: States are only conditionally dependent upon the previous state.

* The stationarity assumption: Transition probabilities are conditionally independent of time.

* The output independence assumption: Observations are conditionally independent of all other
observations and only depend on the state that generated them.

Depending on the function used to define the emission probabilities, the HMM can be discrete or
continuous. Usually, for continuous HMM the emission probabilities are defined by universal approxi-
mators of Probability Density Functions (PDF), such as Artificial Neural Networks (ANN) (Morgan and
Bourlard, 1995) or Gaussian Mixture Models (GMM) (Bilmes, 1998). Figure 2.5 and Figure 2.6 illustrate
two examples of continuous HMM, the first one for HTR and the second one for ASR.

In this thesis we have used HMM with GMM as its emission probability distribution. A k-
dimensional multivariate Gaussian PDF can be expressed as:

P(x] 0) = (2n) 22| 2 exp( 5 (v- 5 (v o) (23)

where x € R¥ is the feature vector, and the PDF is parameterised by 6 = [y, ] where y € R¥ is the mean
vector and ¥ € R¥*¢ the covariance matrix. Then, the output distribution for each state s; of an HMM
with a single multivariate Gaussian is:

bi(x) = N(x; pi» Xi) = P(x | i, i) (2.4)

More complex statistical models can be obtained by using a mixture distribution composed of a
weighted linear combination of PDFE. This is called Gaussian Mixture Model (GMM) when the PDF is

13
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composed of a set of G Gaussians, and mathematically this is expressed as:

bi(x)= ) cigN (x5 pig, Tig) (2.5)

Mo

g=1

where c;, is the weight for the gaussian g of the state s;. In order for this to be a valid Probability Mass
Function (PMF), these mixture coefficients or weights must satisfy the following constraints:

gl

Cig=1, ¢ig=0 (2.6)
=1

The Evaluation Process: Forward and Backward Algorithms

Given an HMM 1 and a sequence of features £ = (xq,x5,...,x7), the corresponding morphological likeli-
hood is given by:

P(£| ) = Zp(é,x | 1) (2.7)

where © is the set of all state sequences that generate the feature sequence % through the model A and
6 =(0y,...,07141) is a specific state sequence. For 0, its associated generation probability P(6,% | A) can
be obtained as:

T

P(6,%]| A) = ag,0, ]_[aetembet(xt) (2.8)
i=1

where 6y and O, are the non-emitting initial and final states shown in Figure 2.5 and Figure 2.6.

The forward and backward algorithms permit to efficiently compute P(£ | 1). As their names indi-
cate, the forward algorithm goes forward in temporal axis while the backward algorithm goes backward
in temporal axis.

The forward function a;(t) = P(%,60; = s;; 1) represents the probability of the partial observation
sequence X = (xq,X,...,X;), when it terminates in an intermediary state s;, with 1 < j < N. Correspon-
dently, the backward function B;(t) = P(% | 6; = s;; 1) can be defined as the probability of the partial
observation sequence X = (X;,.1,%X42,...,X7), given that the current state is s;, with 1 <7 < N. These
probabilities can be calculated via the following recursions (Baum et al., 1970):

aojbj(xl) t=1
(t)=<{(N 2.9
0(]( ) (Za;(t—l)aij)bj(xt) 1<t<T (2.9)
i=1
with state s; and the initial condition of ag(1) = 1.
a;N t=T
(=4 XN 2.10
pilt) Y agbjlsia)fy(t+1) 1<t<T (2.10)
]:
with state s; and the initial condition of Sy (T) = 1.
Then, using the forward regression, P(£ | 1) can be calculated as:
N
P([A) =) ai(T)aiy = an(T) (2.11)
i=1

14
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Similarly, using the backward regression, P(% | A) can be calculated as:
N
P([A)=) " ag;bj(x1)Bj(1) = fo(1) (2.12)

j=1

Moreover, the probability y;(¢) of being in a state s; at time t for any observation sequence % =
(x1,%3,...,x;) can be obtained easily from the forward and backward probabilities.

(2.13)

The Learning Process: Baum-Welch Algorithm

The parameters of an HMM A = (A = {a;;}, B = {b;(x)}) can be efficiently estimated from a corpus of train-
ing observations using the Baum-Welch algorithm, also called the forward-backward algorithm (Welch,
2003). This algorithm is an example of an Expectation-Maximization (EM) algorithm (Dempster et al.,
1977; Juang, 1985).

Given a training set of R feature sequences Xg = (%1, %,,...,%g), where each feature sequence X, =
(Xr1,%;2,---,%,1,) contains T, features, the HMM parameters can be adjusted following the next steps
until convergence:

1. Initialise all the parameters of all HMMs.

2. Get the next training features sequence %, of length T,.

3. Construct a composite HMM by concatenating the corresponding HMMs to the transcription of
x.

4. Calculate the forward -Equation (2.9)- and backward -Equation (2.10)- probabilities for the com-
posite HMM.

5. Calculate the occupation probabilities -Equation (2.13)- for the state s; at each time frame ¢ and
update the corresponding mean y; and variance ¥;.

6. Repeat the steps [2-5] for all the training set R.

7. Use the obtained means y and variances ¥ to estimate the final parameters for all of the HMMs.

Then, the state-transition probabilities can be re-estimated with the following equation:
R T,
L P TN al(t)aibj(xpe))BL(E+1)
A r=1 =1
aij = T, (214)
P(t, | A)! Zlaf(t)ﬁf(t)
t=

M=

1l
—_

r

where1<i<Nand1<j<N.

When the emission probability distribution of each state s; of the HMM is modelled as a sum
of G Gaussian distributions b;(x) = (g, pig, Xig), the probability that the feature sequence %, € R” be
generated by the Gaussian component g in the state s; can be defined as:

CigN(xrt;”‘igr 2'ig)

Vie® =7l | =5 (2.15)
T
Then, the new set of Gaussian parameters (g, fiiq, and ﬁ‘ig) can be re-estimated by:
- (t
R 1t:1y]g( )
ng = T (216)
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R T,
Z: 2: }?é(t)xrt
A r=1t=1
Hie= " 1, (2.17)
It
réitéi}gg()
R T, .
o5 L= g )
i = (2.18)

R T,
Y Y0

r=1t=1

Morphological Model Adaptation

Training the morphological models requires a large amount of training samples. Depending on the
relation between the speakers/writers used to obtain the samples for training the morphological models
and the speakers/writers used for decoding, morphological models can be classified into the following
three categories (Woodland, 2001):

* Speaker/writer independent: These models are trained using training samples obtained from
a great variety of speakers/writers; in this way, the charge of producing the training samples is
shared, and the obtained models can generalise the speech/handwriting. These models can be
used to recognise the speech/handwriting of new users with good performance.

* Speaker/writer dependent: These models are trained to recognise the speech/handwriting of a
specific user, i.e. all the training samples are produced by the objective user. Given that these
models are tailored to a particular person, they give better results than speaker/writer indepen-
dent models for this particular person. However, such morphological models usually have a poor
performance for recognising the speech/handwriting of new users and require a big acquisition
effort from the final user.

* Speaker/writer adaptive: These models are obtained tuning speaker/writer independent models
to fit the speech/handwriting of a specific person using relatively few samples. This approach
allows to obtain significant improvements over the speaker/writer independent models, reaching
similar results to those offered by speaker/writer dependent models for a particular person, but
only using a small amount of training samples of this specific person.

The adaptation of morphological models based on continuous density HMM (Woodland, 2001)
can be performed by means of, among others, Maximum A Posteriori (MAP) adaptation (Gauvain and
Lee, 1994), linear transformation of model parameters such as Maximum Likelihood Linear Regression
(MLLR) (Leggetter and Woodland, 1995), and speaker space methods, such as Cluster Adaptive Training
(CAT) (Gales, 2000) and Eigenvoice (Kuhn et al., 2000).

In this thesis, writer dependent optical models were trained for off-line HTR given that the histor-
ical manuscripts (Serrano et al., 2010; Alabau et al., 2011) used in the experimentation are mono-writer,
whilst as the speech and the on-line handwriting by pen strokes are used as user feedback modalities,
the ASR acoustical and on-line HTR kinematical models were trained as speaker/writer independent.
Besides, for some experiments, these speaker independent acoustical models were adapted to each one
of the test speakers by using the Maximum Likelihood Linear Regression (MLLR) technique (Leggetter
and Woodland, 1995).

MLLR reduces the mismatch between the morphological model and the adaptation data by com-
puting a set of linear transformations to shift the means and alter the variances in the morphological
model (Gales and Woodland, 1996). Given a Gaussian distribution g characterised by a mean vector Her
and a covariance matrix X, the adapted mean vector fi, is obtained by:

flg = Apg +b = We&, (2.19)
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where W, is the nx (n + 1) transformation matrix which maximises the likelihood of the adaptation data
of dimensionality n that can be decomposed in:

W, = [b,A] (2.20)

where A represents an n x n transformation matrix, b represents a bias vector, and cfg is the extended
mean vector, defined as:

T
gg:[w,,ugl,’,tgz,...,ygn (2.21)

where w is the offset term for the regression (w=1 to include and w=0 to ignore offsets in the regression).

The adapted covariance matrix flg may be obtained using either the mnormalized-full
approach (Gales, 1998), as: X
Ye= LHLT (2.22)

where L is the Choleski factor of the original covariance matrix ¥, or the efficient-full approach (Gales,
1998) as:

3g=HEHT (2.23)

In both cases, H represents a transformation matrix that can be obtained after the adapted mean
vectors ﬁg have been estimated (Gales, 1998), as following:

Z{ . I[Z Ye(T)(o(T )_ﬁg)(O(T)_ﬁg)T]Lg—l}
=% (2.24)
Z Z ()

g=17=1

where, y,(7) is the a posteriori probability determined by the Gaussian component g of the original
model at time 7, and Ot =(0(1),0(2),...,0(T)) represents the adaptation data.

The complexity of the transformation matrices W, and H can be determined as full,
block—diagonal or diagonal. These transformation matrices are estimated to maximise the likelihood of
the adapted models generating the adaptation data by using the Expectation-Maximisation (EM)
algorithm (Juang, 1985). Therefore, in addition to the complexity of the transformation matrices, the
number of transforms or regression classes may be estimated in order to obtain the best
adaptation (Leggetter and Woodland, 1995).

Finally, the main difference between the normalized-full and the efficient-full variance adaptation
approaches is that, while the computation of the normalized-full variance transform requires a con-
siderably lower computational cost than the efficient-full approach, the likelihood calculation during
recognition is faster for efficient—full variance transform than for the normalized-full one (Gales, 1998).

2.3.2 Language Modelling

In Language Models (LM), the text properties are modelled independently from the morphological
models (Marti and Bunke, 2001), i.e. the language model defines all the possible sentences that can
be recognised by the system. In addition of the language syntax, the semantic information of the words
can be modelled (Romero Gémez, 2010). Language models can be implemented through probabilistic
grammars (Suppes, 1970), n-grams (Manning and Schiitze, 1999), Finite State Transducers (FST) (Mohri,
1997), and Recurrent Neural Networks (RNN) (Mikolov et al., 2010), among others.

Language modelling based on RNN allows one to model short- and long-term contextual infor-
mation. This is one of the qualities by which its use (with great success) has become popular in recent
research (Arisoy et al., 2015; Zuo et al., 2016). However, in spite of the fact that smoothed #n-grams only
model short term dependencies, they allow one to obtain a good performance (Romero Gémez, 2010),
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and nowadays they are still one of the most wide-spread language models used in natural language
processing tasks (Al-Khoury, 2015). In this thesis, language models were implemented as smoothed
n-grams.

N-gram Language Models

The a priori probability P(w) of a word sequence w = wy,..., wr required in Equation (2.1) is computed
as:

P(w)=| |P(w;|wy,...,wi_1) (2.25)

T
t=1
where P(w; | wy,...,w;_1) is the probability of the word w; after seeing the prior word sequence
wy,...,w;_1, which is called the history.

In n-gram models for large vocabulary recognition, the probability P(w) of observing the word
sequence w is approximated by truncating the conditioning word history to n— 1 words:

P(w) ~
t

T
P(w; | wi—(n-1)-- - Wi—1) (2.26)

=1

Although the best length n for n-gram language models can be estimated by cross-validation (Ko-

havi, 1995), in this work, bigrams (n = 2) were used based on previous works related with the Rodrigo
and Cristo Salvador corpora (Serrano et al., 2010; Alabau et al., 2011).

The n-gram probabilities estimation can be performed from training text by using the Maximum
Likelihood estimation (Scholz, 1985). The conditional probability of a word w; given a history h; =
Wi_(n-1),---,Wi—1 can be calculated from the n-gram frequency counts as:

C(hy, wy)
C(hy)
where C(h;, w;) and C(h;) represent the number of occurrences in the training set of w;_(,_1),..., wy_1, w;

and wy_(;,_1),..., w;_1 respectively.

P(w, | hy) ~ (2.27)

This method assigns null probability to all unseen events. This data sparsity problem can be
mitigated by smoothing the model by a combination of discounting and backing-off. There exist several
approaches, such as Laplacian smoothing (Zhai and Lafferty, 2004), which assigns the counts to 1 for
unseen n-grams, and techniques based on the Good-Turing discounting (Good, 1953). Good-Turing
discounting coefficients can be obtained as follows:

N,
A, w) = (r+1)—2L 2.28
(hw) = (r+ 1) (2.28)
where N, is the number of n-grams that have appeared r = C(h, w) times in the training data. This
discounting factor is used, for example, in the back-off method. In this method, the unseen n-grams
are approximated by a weighted version of the corresponding n-gram, and the discounted probability
is distributed over the unseen n-grams as follows:

(2.29)

B(w | h) = Ah,w)P(w|h) if C(h,w)> 0
|\ T(W)Bw|h)  if C(h,w)= 0

where B(w | h) is some less specific distribution (usually a (n-1)-gram), and I'(h) is the normalised total
amount of discounted probability given the history h, that is:

1- Zw:C(h,w)>0 /\(hrw)P(w | h)
Zw:C(h,w):O ﬁ(w | h)

T(h) = (2.30)
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There are different methods based on the Good-Turing discounting (Chen and Goodman, 1999).
One of the most effective is the Kneser-Ney back-off smoothing method (Kneser and Ney, 1995). In
this method, the concept of absolute-discounting interpolation is used incorporating information from
the higher- and the lower-order n-grams. When the counts of the higher-order n-gram is near zero, the
lower-order n-gram adds more weight to the probability and vice versa.

2.3.3 Lexicon Modelling

The lexicon model indicates to the recognition system the basic units (usually, characters for HTR and
phonemes for ASR) of each one of the words that make up the language model. In this way, the lexicon
model links the morphological level representation with the word sequence output (Adda-Decker and
Lamel, 2000). In the lexicon model the transcription (pronunciation or spelling) of each word w is mod-
elled as a sequence b = (by,by,...,b,) of n basic sub-word units. In this model multiple transcriptions
are allowed (Wooters and Stolcke, 1994; Yun and Oh, 1999); if it is the case, the probability P(% | w) of
Equation (2.1) can be computed over the different transcriptions.

P(%| W) = Zp(ﬂé)P(z}m) (2.31)

where B, denotes the set of all valid transcriptions b for the word sequence .

Usually, these models are implemented as Deterministic Finite Automaton (DFA) (Lucchesi and
Kowaltowski, 1993; Ciura and Deorowicz, 2001). For example, the Spanish word Frijolito would be
generated by the finite state model for ASR presented in Figure 2.7.

/£/ /r/ /i/ /x/ /o/ /1/ /i/ /t/

O O O O O O O O O O

Figure 2.7: Finite state automata for the Spanish word Frijolito [ fri xo ’li to ] in a lexicon for ASR.

Lexicon models for HTR can be build easily by splitting the words into their constituent char-
acter sequences. However, given that words are composed of phonemes in spoken language, expert
knowledge is required to build the lexicon models for ASR. These lexicon models can be made manu-
ally by annotating the phonetic transcription of each word (Riley et al., 1999), or automatically by using
systems based on rules (Cremelie and Martens, 1997). As automatic phonotisation is treated in Text-to-
Speech synthesis (Dutoit and Stylianou, 2003; Taylor, 2009), some tools developed for speech synthesis
can be useful to build ASR lexicon models. One example is eSpeak (Duddington, 1995) which is an
open source speech synthesiser that allows one to obtain phonetic transcriptions in the International
Phonetic Alphabet (IPA) (International Phonetic Association, 1999) for several languages.

Nevertheless, in the last years some works on lexicon free ASR (Harwath and Glass, 2014; Maas
etal., 2015) have appeared. Eliminating the need for a lexicon, the required expert knowledge is consid-
erable reduced, and the speech recognition capabilities are expanded; for instance, it allows to transcribe
new words, word fragments, and disfluencies.

In this thesis, the lexicon models for HTR were obtained by splitting the words into their con-
stituent character sequences. Similarly, for the lexicon models for ASR an initial phonetical transcrip-
tion for each word was obtained automatically based on rules for current Spanish. Then, all phonet-
ical transcriptions were supervised in order to adjust their accuracy to the actual word, in spite of
the medieval scripting where heterographs (one sound represented by several spellings) are frequently
used (Llamas Pombo, 2012). For instance, this is the case of the word cristianos, which could be written
also as xpianos and christianos, while the phonetical transcription for the three forms is [ kris "tja nos |.
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2.4 Decoding

As previously said, the goal of natural language recognition systems is to obtain the transcription of a
determined sequence of features vectors % as a sequence of words w given a lexicon (Toselli et al., 2004).
Most natural language recognition systems are composed of three statistical models (see Section 2.3).
Therefore, the fundamental formulation of statistical natural language decoding or recognition (Equa-
tion (2.1)) can be represented as follows:

W = argmaxmaxP(% | bP(b | w)P(w) (2.32)
weW beBy
where W denotes the set of available word sequences, B,;, the set of different transcriptions of the word

sequence 1, P(£ | b) is modelled by the morphological model, P(b | &) by the lexicon model, and P() by
the language model.

2.4.1 The Viterbi Algorithm

For natural language recognition systems based on HMM, the efficient recursive forward algorithm for
computing the forward probabilities also allows to obtain the total morphological likelihood P(% | b).
Thus, if the sum in Equation (2.9) is replaced by the dominating term, this algorithm could also be used
to find the sequence of states which yields the maximum value of P(% | b), i.e. finding the most likely
state sequence 0 = (0,,6,,...,07) within the finite-state search space of the morphological model (con-
ditioned by the language and lexicon models) for a given sequence of observations £ = (x1,X5,...,XT).
Hence, this approximation could be used for recognition, and it is commonly called the Viterbi algo-
rithm (Viterbi, 1967; Jelinek, 1998).

The Viterbi algorithm consists of the search of the best path in a trellis of states and time (Soong
and Huang, 1991), where the search space consists of a finite-state network of HMM states (obtained
from a network of basic sub-word units and a network of words), given a time sequence of feature
vectors. Figure 2.8 presents an example of state-time trellis for an ASR system. Each dot represents the
observation probability for each state given a temporal feature vector, and the transition probabilities
are represented by the edges between dots. The transitions allowed by the morphological model are
highlighted in black, the transitions allowed by the lexical model in red, and the transitions allowed by
the language model in blue.

In a forward pass, the most likely path is found by keeping the most probable predecessor that
reaches each state-time point. Then, the obtained most likely path is traced backwards from the final
state for obtaining the most likely sequence of words. For instance, the most probable path is high-
lighted by dashed backward arrows in the example presented in Figure 2.8. The total score of each
path or hypothesis w is composed of three parts, the probability of the lexical-morphological models,
the probability obtained by the language model scaled by a Grammar Scale Factor (GSF), and a Word
Insertion Penalty (WIP) factor to avoid bias towards large or small words. Therefore, in the logarithmic
domain the total likelihood for each path is obtained as follows (Gales and Young, 2008):

logP(w | £) =logP(% | w) + GSF - log P(w) + WIP - || (2.33)
where 1| represents the number of words in .

The performance of the decoding process can be improved if it is not restricted to the single best
hypothesis offered by the Viterbi approach. Instead, it is used to obtain a set of the n-best hypotheses.
However, the language and the lexicon models greatly expand the search space (Gales and Young, 2008).
To deal with this problem, the search space can be expanded dynamically by beam-search techniques
as the search progresses (Haeb-Umbach and Ney, 1994).

The global beam pruning is a heuristic state-space search algorithm, such as breadth-first search,
best-first search or depth-first search (Zhang, 1999). This pruning technique builds a search tree, where
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Figure 2.8: State-time trellis of the observation sequence for an ASR system. In this trellis, in black are
presented the transitions allowed by the morphological model, in red the transition of the lexical model,
and in blue the transitions of the language model. The most likely path is highlighted by the dashed

backward arrows.
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at each state, the search is limited to the paths with a likelihood score close to the best partial path
hypothesis.

Formally, the likelihood of the best partial path hypothesis that ends at time ¢ in state s with word
history W can be defined as (Ortmanns et al., 1997; Pylkkénen, 2005):

Pgp(t)= max P(w|t,s) (2.34)
(weW,sel)

where W denotes the set of available word sequences and A the HMM parameters.

Then, at each time t and state s, in the logarithmic domain, the paths with a log likelihood lower
than a determined threshold fsp are pruned:

logP(w | t,s) <logPgp(t) - foB (2.35)

fep controls the beam width that limits the search space, given that at each tree level, only the states
included in the beam are expanded. In the rest of the document, f;g is denominated as beam factor.

Given the fact that the GSF, WIP and beam factor parameters have a significant effect on the
decoding performance, they usually have to be adjusted by using some validation data.

In any case, the set of n-best hypotheses obtained from the recognition process can be represented
into different formats. For example, this output can be compactly represented as lattices (Soong and
Huang, 1991; Oerder and Ney, 1993). Section 2.4.2 gives details on the output formats used in this
thesis.

2.4.2 Recognition Output Formats

Natural language decoding n-best solutions can be compactly represented into lattices, structured as
Word Graphs or as Confusion Networks (Jurafsky and Martin, 2009).

A Word Graph (WG) (Figure 2.9) is a directed, acyclic and weighted graph that represents a huge
set of hypotheses in a very efficient way (Ljolje et al., 1999). The nodes in a WG correspond to horizontal
positions for off-line HTR, and discrete time points for ASR and on-line HTR. The edges are labelled with
words and weighted with the morphological, lexical, and language likelihoods of the word that appears
in the signal delimited between the starting and ending nodes of the edge. The likelihoods are derived
from the morphological and language models during the decoding process (Bahl et al., 1983; Soong and
Huang, 1991).

On the other hand, a Confusion Network (CN) (Figure 2.10) is also a directed, acyclic and
weighted graph that shows at each point which word hypotheses are competing or confusable. Each
hypothesis goes through all the nodes. The words and their probabilities are stored in the edges, and
the total probability of the words contained in a subnetwork (all edges between two consecutive nodes)
sum up to 1 (Mangu et al., 2000). On each subnetwork, one special word (*DELETE¥) can be inserted
to allow hypotheses having different lengths.

Confusion Networks reduce the complexity of Word Graphs losing the segmentation informa-
tion (Xue and Zhao, 2005). However, a CN contains all hypotheses of the original WG which is origi-
nated from together with new hypotheses. These new hypotheses are originated due to the CN structure
and the special word (*DELETE*). The properties of CN allow their use for many tasks, such as lattice
compression (Mangu and Brill, 1999), word spotting (Mangu et al., 2014), machine translation (Bertoldi
et al., 2007), confidence annotation, and system combination (Evermann and Woodland, 2000).
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2.5 Assistive Transcription of Historical Manuscripts

HTR systems can be seen as part of an assistive technology. Assistive technologies have been of tradi-
tional use in many fields of computer applications, such as Computer Aided Design (CAD) field (Ma-
chover, 1995), medical diagnosis (Doi, 2007), automatic driving (Malit, 2009), Computational Linguis-
tics/Natural Language Processing (CL/NLP) (Barrachina et al., 2009; Revuelta-Martinez et al., 2012;
Silvestre-Cerda et al., 2013), and Pattern Recognition and Image Processing (Romero et al., 2012).

In these tasks, the computer allows the human user to have easier and faster work, providing the
final user with a series of tools that allow the user to speed-up the process. Among these tools appear
some automatic processing elements, such as medical data analysers, processors for data from driving
sensors, speech and handwritten text recognisers, image feature extractors, etc. Apart from that, these
systems need an interface that allows the user to amend the possible errors obtained by the automatic
process. The interface tool could provide, by using underlying systems that employ the results of the
automatic process and user feedback, autonomous actions that avoid the user to perform some of the
corrections.

Consequently, the main objective in these systems is not obtaining the most accurate result from
the automatic system, but achieving the lowest effort for the human user (although both facts could be
correlated). This requires new evaluation measures and frameworks that follow this criterion (minimis-
ing user effort) and are adapted to the corresponding task. For example, for the transcription of speech
or handwritten text, the number of corrective actions that the user has to perform (taking into account
automatic corrections given by the system) is a good measure of the effort.

In this assistive context, the multimodal paradigm arose as a new form of improving these systems
by reducing the final user effort. The multimodal paradigm has experimented a spectacular growth in
the latest years because of the development of mobile devices (Di Fabbrizio et al., 2009), where different
modalities (speech and touch mainly) are employed for the device management. In the case of Image
or Natural Language Processing tasks, multimodality has been applied to problems where signals of
different nature that represent the same final object are available (Mihalcea, 2012; Potamianos et al.,
2003; Sebe et al., 2005; Granell and Martinez-Hinarejos, 2015). In any case, multimodality is strongly
linked to Human-Computer Interaction (HCI), since the user may employ different modalities to obtain
a more ergonomic or faster interaction to achieve an objective.

One interesting computer assisted application where multimodality can provide productivity
improvements is the transcription of handwritten documents (Gordo et al., 2008). In this case, the
assistive system provides the final users an initial draft transcription of the handwritten image. Then,
the system can supply alternative transcriptions every time the user makes an amendment, with the
final aim of reducing the user effort to obtain a perfect transcription. An example of assistive framework
that presents these features is the Computer Assisted Transcription of Text Images (CATTI) system
presented in (Romero et al., 2012).

The CATTI system takes as input the text image to be transcribed. This data is employed to offer
the user a first hypothesis and to search for alternatives when the user makes a correction, usually by
employing an HTR system. The multimodality can be incorporated in CATTI by providing another sig-
nal that represents the same sequence of words, e.g., a speech dictation of the text that can be processed
by an Automatic Speech Recognition (ASR) engine and gives as a result different alternatives. Since
both HTR and ASR systems employ similar models (Hidden Markov Models - HMM - and n-grams) and
can obtain results in a similar format, its combination seems feasible despite the different nature of the
signals and their asynchrony.

Additionally, the user must provide feedback several times to the CATTI system, independently
of the initial transcription given by the available data sources. Although the number of interactions may
change depending on these initial sources, making the interaction process comfortable to the user is
crucial for the success of an interactive system. Since paleographers usually employ touchscreen tablets
for their task, using touchscreen pen strokes to provide feedback appears an appropriate interactive
option (Romero et al., 2012; Martin-Albo et al., 2013).

24



Chapter 2. Background

2.6 Crowdsourcing for Natural Language Processing Tasks

In (Estellés-Arolas and Gonzalez-Ladrén-De-Guevara, 2012) crowdsourcing is defined as follows:
“Crowdsourcing is a type of participative online activity in which an individual, an institution, a
non-profit organisation, or company proposes to a group of individuals of varying knowledge,
heterogeneity, and number, via a flexible open call, the voluntary undertaking of a task. The
undertaking of the task, of variable complexity and modularity, and in which the crowd should
participate bringing their work, money, knowledge and/or experience, always entails mutual benefit.
The user will receive the satisfaction of a given type of need, be it economic, social recognition,
self-esteem, or the development of individual skills, while the crowdsourcer will obtain and utilise to
their advantage that what the user has brought to the venture, whose form will depend on the type of
activity undertaken.”

Crowdsourcing can be used in different tasks related to natural language processing (Parent and
Eskenazi, 2011), such as: speech acquisition, document transcription and annotation, and the assess-
ment of natural language processing technology. Regarding the document transcription task, the ap-
pearing of crowdsourcing platforms (Doan et al., 2011) has had a strong impact on the transcriber’s task.
In these platforms, many volunteers provide a transcription of a digital document at a very small (or
even null) cost; the inherent difficulties of those documents make necessary the posterior revision of the
professional transcriber, but the workload is considerably lower than that of scratch transcription. There
are several generic crowdsourcing platforms available, such as Mechanical Turk! or CrowdFlower?, but
for handwritten text transcription (and in particular for historical text) several platforms have been
developed in the last years (such as AnnoTate3, Transcribe Bentham?, or Transkribuss).

Crowdsourcing approaches to the acquisition of speech data have become really popular in the
last decade. In (Parent and Eskenazi, 2011), a review on different works based on crowdsourcing reveal
a high number of research articles (29) and experiments (37) in the topic. Works such as that of (Caines
et al., 2016) reveal the feasibility of the acquisition of speech corpora by using mobile devices and the
capacity of the crowdsourcing framework to obtain annotated speech corpora at several levels.

2.7 Evaluation Measures

In all the experimental work presented in this thesis the text reference was available in order to automat-
ically evaluate the proposed solutions. There are different types of evaluation measures depending on
the task: classification, recognition, assistive transcription, etc. In the following, the different evaluation
measures used in the experiments of this thesis are presented.

2.7.1 Natural Language Recognition Evaluation

Classification Error Rate

Classification Error Rate (ER) permits one to measure the percentage of samples incorrectly classified,
and it is calculated as:

ER =7 100 (2.36)

n

1https://wwwAmturk.com/
2https://www.crowdflower.com/
3https://anno.tate.org.uk/

4http: //blogs.ucl.ac.uk/transcribe-bentham/
5https://transkribus.eu/Transkribus/
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where, f is the number of samples incorrectly classified, and # is the total number of samples. This
measure is usually used in tasks such as isolated word recognition, where each word is treated as a
class, and it is classified as correct or incorrect.

Word Error Rate

The quality of the obtained transcriptions in the decoding process of natural language recognition sys-
tems (speech and handwriting) can be evaluated using the edition distance with respect to a reference
text. This edition distance is derived from the Levenshtein distance (Levenshtein, 1966), and it is de-
fined as the minimum number of substitutions, deletions and insertions needed to transform the tran-
scription into the reference, divided by the total number of words in the reference. Therefore, Word
Error Rate (WER) is this edition distance at word level, and can be calculated as follows:

WER:s+d+1

-100 (2.37)

where, s is the number of substitutions, d the number of deletions, i the number of insertions, and # is
the total number of words in the reference.

Additionally, when the decoding output is not limited to the most likely hypothesis, such as a
n-best list, the best transcription that can be obtained from this output is measured, at word level, by
the oracle WER.

This measure can be used to evaluate the transcription error at different levels, depending on the
type of linguistic unit taken into consideration. Words are a common unit in speech and handwriting
recognition systems. However, words can be composed of phonemes (speech) or of characters (hand-
writing), depending on the recognition system. Therefore, this measure can be also used at phoneme
level -Phoneme Error Rate (PER)- and at character level -Character Error Rate (CER)-.

2.7.2 Language Model Evaluation
Perplexity

As language models are probability distributions over entire sentences or texts, Perplexity (PPL) (Brown
et al., 1992) can be used for evaluating their performance over a reference text. Perplexity is a measure
in standard use from the field of information theory, and it is defined as the exponential of the entropy.

Given a sequence of words w = wy,w;,...,wy, the entropy (H) for this reference text, can be
approximated with:

1 .
H= N log, P(w) (2.38)

where N is the number of words in the sequence @ and P(w) is the probability assigned to the word
sequence W by the evaluated language model. Then, perplexity can be estimated as follows (Rabiner
and Juang, 1993):

PPL = 2H = P(¢) ¥ (2.39)
Specifically, perplexity can be estimated for n-gram language models as follows:

1

N
PPL = P(wl | wi_n,...,wi_l)_ﬁ (240)

i=1
where 7 is the order of the n-gram model.

Perplexity can be considered to be a measure of, on average, the number of equally most probable
words that can follow any given word. Therefore, lower perplexities represent better language models
when comparing the performance of different language models over the same reference text.
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2.7.3 Computer Assisted Transcription Evaluation

Given that on interactive assistive approaches for transcription the user and the system work together
to obtain the perfect transcription, the following measures were used to assess the performance of the
interactive system, and to estimate the human effort reduction.

Word Stroke Ratio

The performance of computer assisted transcription systems can be measured by the Word Stroke Ra-
tio (WSR), which can be computed using the reference transcription. After each user interaction, the
longest common prefix between the hypothesis and the reference is obtained and the first unmatching
word from the hypothesis is replaced by the corresponding reference word. This process is iterated until
a full match is achieved. Therefore, the WSR can be defined as the number of user interactions that are
necessary to produce correct transcriptions using the assistive system, divided by the total number of
reference words.

WSR = % -100 (2.41)

where i is the number of user interactions and 7 is the total number of words in the reference.

Effort Reduction

The main objective of computer assisted transcription systems is to reduce the required human effort
for obtaining the actual transcription. Given the definition of WER and WSR, the relative difference
between them can be used to estimate the human Effort Reduction (EFR) that can be achieved by using
the assistive system with respect to using a conventional handwriting text recognition system followed
by human post-editing.

WER - WSR

EFR =
R WER

100 (2.42)

2.7.4 Multimodal Crowdsourcing

In order to avoid using collaborations that could worsen the transcriptions, the multimodal crowd-
sourcing framework proposed in Part IV must verify the reliability of the hypotheses obtained from
the decoding processes. The reliability verification is also useful to optimise the collaboration effort.
Therefore, in this multimodal crowdsourcing framework the following measures were used to assess
the decoding reliability, and the collaboration effort.

Decoding Reliability

The statistical formulation of the natural language recognition problem -see Equation (2.1)-, allows one
to take the posterior probability P(w | £) as a good confidence measure for the recognition reliability.
However, generative classifiers (such as classifiers based on HMM) provide joint probabilities P(x, )
(Ng and Jordan, 2001) that are inadequate to obtain this reliability.

Nevertheless, when the recognition scores of a fairly large n-best list can be re-normalised to sum
up to 1, the joint probability P(x,w) obtained for the best hypothesis can be used as a good confidence
measure, since it is a measure of the match between £ and @ (Rueber, 1997). Therefore, the decoding
reliability R is measured by the re-normalised 1-best joint probability:
max P (X, W)
weW

Y P(x%,w)

weW

R = (2.43)
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where W denotes the set of all permissible sentences in the evaluated decoding output.

Collaboration Effort

We define the Collaboration Effort (CE) as the number of speech utterances used in the crowdsourcing
platform for obtaining a determined output, i.e., the CE corresponds with the product between the
number of lines (batch size B) that the system asks the collaborators to read, and the actual number n of
collaborators involved in the obtainment of a determined output.

CE=n-B (2.44)

2.7.5 Statistical Significance

Statistical significance of experimental results can be estimated by means of confidence intervals. In this
work, confidence intervals of probability 95% (a = 0.025) were calculated by using the bootstrapping
method with 10,000 repetitions (Bisani and Ney, 2004).

For calculating the confidence intervals with probability 100(1 — 2a)% in the evaluation of a set
of s sentences, an iterative process is repeated f times (in this work we used g = 10,000). During this
iterative process, f bootstrap samples are generated by selecting randomly with replacement s pairs
(number of elements in the reference - number of errors) from the original set of sentences. These
samples will contain several of the original sentences multiple times, while others are missing. Then,
each bootstrap sample is evaluated, and the obtained results are sorted. Finally, for a chosen error
threshold a, the extreme points of the confidence interval are represented by the afth smallest and
the apth largest values of the obtained results. Only if the confidence intervals of two systems do not
overlap, we can say that the difference is statistically significant.

In addition to the confidence intervals, the statistical significance can be confirmed by means of
p-values. In this work, p-values were calculated by means of the Welch’s t-test (Welch, 1947) by using
the statistical computing tool R (R Core Team, 2017). The significance threshold was set at & = 0.025.

Welch’s t-test is an adaptation of Student’s t-test, which can be used to test the null hypothesis that
two observed results represent equal means y. In other words, the Welch’s t-test is useful for obtaining
the p-values to reject the null hypothesis Hy, and to confirm the alternative hypothesis H,:

Ho:py = py (2.45)
Hy:py # pa (2.46)

Assuming the truth of the null hypothesis Hy, the p-value is the probability that the statistical
summary for the two compared results would be the same. Therefore, the smaller the p-value, the larger
the statistical significance, and only when the obtained p-value is less than or equal to a set significance
threshold, the null hypothesis Hy is rejected and we can say that the difference is statistically significant.

2.8 Datasets

The off-line HTR experiments were performed on two different historical manuscripts Cristo Salvador
and Rodrigo. Although both manuscripts were written in Spanish by a single writer, they present some
characteristics that give them different degrees of difficulty. One of the most important is the language
variation (Llamas Pombo, 2012), Cristo Salvador was written in Modern Spanish (19th century), whilst
Rodrigo was written in an ancient Spanish called Early Modern Spanish (15t - 17th century), been much
more challenging the transcription for Rodrigo. Given that the additional multimodal sources of infor-
mation used in this thesis provide from collaborators, only few pages were selected as representative of
the whole off-line HTR test sets.
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Figure 2.11: Some lines of the Cristo Salvador corpus.

The phonetical Spanish corpus Albayzin (Moreno et al., 1993) was used for training the acoustical
models for the ASR experimentation. However, the speech samples used in the multimodal experiments
were acquired from the dictation of the contents of the HTR test sets of Cristo Salvador and Rodrigo.

The on-line HTR feedback was simulated by using the touch screen handwriting dataset
UNIPEN (Guyon et al., 1994). To increase realism, different writers were used for training the
kinematical models and testing the on-line HTR interaction.

2.8.1 Historical Manuscript Corpora (Off-line Handwriting)

Cristo Salvador

Cristo Salvador is a handwritten book of the 19t century provided by Biblioteca Valenciana Digital (Bi-
ValDi). It is a single writer book with different image features that cause some problems, such as smear,
background variations, differences in bright, and bleed-through (ink that trespasses to the other surface
of the sheet). It is composed of 53 pages that were automatically divided into lines (such as those shown
in Figure 2.11).

This corpus presents a total number of 1,172 lines, with a vocabulary of 3,287 different words.
For training the optical models for off-line HTR, a partition with the first 33 pages (675 lines) was used.
Test data for off-line HTR is composed of the 24 lines of page 41 (Figure 2.12), which contains 222 words.
This page was selected for being, according to preliminary error recognition results (Alabau et al., 2014),
a representative page of the whole test set (the remaining 20 pages, 497 lines, not used on the training).

Rodrigo

Rodrigo (Serrano et al., 2010) is a corpus obtained from the digitalisation of the book “Historia de Espafa
del arcobispo Don Rodrigo”, written in ancient Spanish in 1545. It is a single writer book where most
pages consist of a single block of well separated lines of calligraphical text. It is composed of 853 pages
that were automatically divided into lines (see example in Figure 2.13), giving a total number of 20,356
lines.

The vocabulary size is of about 11,000 words. For training the optical models, a standard par-
tition with a total number of 5,000 lines (about 205 pages) was used. Test data for off-line HTR was
composed of two pages that were not included in the training part (pages 515 -Figure 2.14- and 579 -
Figure 2.15-) and that were representative of the average error of the standard test set (of about 5,000
lines). These two pages contain 50 lines and 514 words.

2.8.2 Touch Screen Handwriting Corpus (On-line Handwriting): UNIPEN

The production of the touchscreen feedback data in the assistive transcription experiments has been
simulated using the UNIPEN Train-R01/V07 dataset (Guyon et al., 1994)°. It comes organised into sev-
eral categories such as lower and upper-case letters, digits, symbols, isolated words and full sentences.
Unfortunately, the UNIPEN isolated words category does not contain the required word instances to be
handwritten by the user in the interactive processes with the text images of the off-line HTR corpora

6For a detailed description of this dataset, see http://www.unipen.org.
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(a) Page 41. (b) Text lines extracted from the page 41.

Figure 2.12: Page 41 of the Cristo Salvador corpus.

used in this thesis (Cristo Salvador and Rodrigo). Therefore, the process for generating synthetic samples
used in (Romero et al., 2012) was followed here. The samples were generated by concatenating random
character instances from three UNIPEN categories: 1a (digits), 1c (lowercase letters) and 1d (symbols).

To increase realism, the generation of each of these test words was carried out employing charac-
ters belonging to a same writer. Three different writers were randomly chosen, taking care that sufficient
samples of all the characters needed for the generation of the required word instances were available
from each writer. Each character needed to generate a given word was plainly aligned along a common
word baseline, except if it had a descender, in which case the character baseline was raised 1/3 of its
height. The horizontal separation between characters was randomly selected from one to three trajec-
tory points. The selected writers are identified by their name initials as BS, BH and BR. At bottom of
Figure 2.16, three examples of the word “historia” for the three different writers generated in this way
are shown.

Training data were produced in a similar way using 17 different UNIPEN writers. For each of
these writers, a sample of each of the 42 symbols and digits needed was randomly selected and one
sample of each of the 1,000 most frequent Spanish and English words was generated, resulting in
34,714 training tokens (714 isolated characters plus 34,000 generated words). To generate these to-
kens, 186,881 UNIPEN character instances were used, using as many repetitions as required out of the
17,177 unique character samples available. Table 2.1 summarises the amount of UNIPEN training and
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Figure 2.13: Some lines of the Rodrigo corpus.

Table 2.1: Basic statistics of the UNIPEN corpus.

Number of different: Train Test Lexicon
writers 17 3 -
digits (1a) 1,301 234 10
letters (1c) 12,298 2,771 26
symbols (1d) 3,578 3,317 32

total characters 17,177 6,322 68

test data used.

It should be mentioned here that, even though the kinematical models (on-line HTR HMM) were
trained from artificially built words, the accuracy in real operation with real users performed in (Romero
et al., 2012) is observed to be similar to that shown in the laboratory results reported with synthetic
samples.

2.8.3 Training Speech Corpus: Albayzin

For training the ASR acoustical models we used a partition of the Spanish phonetic corpus
Albayzin (Moreno et al., 1993). This corpus consists of a set of three sub-corpus recorded by 304
speakers using a sampling rate of 16 kHz and a 16-bit quantisation. The training partition used in this
work includes 4,800 phonetically balanced utterances. Specifically, 200 utterances were read by four
speakers and 25 utterances were read by 160 speakers, with a total length of about 4 hours.

2.8.4 Multimodal (Text - Speech) Corpora

For the multimodal test (off-line HTR and ASR), the test data for ASR was the product of the acquisition
of the dictation of the contents of the handwritten text line images that compose the HTR test set of
both historical manuscripts by different native Spanish speakers, using a sample rate of 16 kHz and an
encoding of 16 bits (to match the conditions of Albayzin data).

In the ASR system we are dealing with two major sources of errors, i.e. on the one side we have
the differences between the training and test audio samples (speakers, devices and environment), and
on the other side speakers can make mistakes while reading the manuscript. In order to alleviate these
sources of errors, speakers were provided with a text guide of reading along with text images during
the speech acquisitions.

Speech Acquisition on a Controlled Environment

In the first speech acquisition, performed for both historical manuscripts, the speech samples were
registered by using a desktop computer in a controlled laboratory environment.

In the case of Cristo Salvador, the ASR test data was composed of the acquisition of the dictation
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Figure 2.14: Page 515 of the Rodrigo corpus.

of the contents of the 24 test lines (those of page 41) by five different speakers (i.e., a total set of 120
utterances, with a total length of about 9 minutes), while in the case of Rodrigo seven different speakers
read the 50 handwritten test lines (those of pages 515 and 579), giving a total set of 350 utterances
(about 15 minutes).

Speech Acquisition on a Real Crowdsourcing Environment

A second speech acquisition was performed only for the Rodrigo corpus on a real use scenario. The
mobile application Read4SpeechExperiments (Granell and Martinez-Hinarejos, 2016) (see Figure 8.2) was
used for acquiring the speech samples, and the mailing list of our research group for collaboration
demand. Read4SpeechExperiments is an Android free software application designed to facilitate the
speech acquisition from mobile devices. The source code is available on GitLab’, and it can be installed
from the Google Play® and the F-Droid” platforms.

None of the received contributions was rejected, given that we intentionally wanted a rather broad
and real sample. We obtained the collaboration of 27 different speakers who installed the application
on their own mobile devices, and read the 50 handwritten text lines without any control from our side,
i.e. the speakers read the text lines where and when they wanted, giving a total set of 1,350 utterances
(about 1 hour and 50 minutes).

7https ://gitlab.com/egranell/Read4SpeechExperiments
8https://play.google.com/store/apps/details?id=com.prhlt.aemus.Read4SpeechExperiments
9h‘[tps ://f-droid.org/wiki/page/com.prhlt.aemus.Read4SpeechExperiments
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Figure 2.15: Page 579 of the Rodrigo corpus.

Writter: BH

BR

BS

e hoton I slorde Wittt

Figure 2.16: Samples of the word “historia” generated using the characters of three writers of the
UNIPEN corpus.

i;‘"{ Read4SpeechExperiments

Sentence 1/6

talgnifle Enfiu abadia q todos o Amanan o atodss era

TAL GUISA EN SU ABADIA QUE TODOS LO AMABAN E A
TODOS ERA

Figure 2.17: Screenshot of the application Read4SpeechExperiments.
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11
MULTIMODALITY

“It is the tension between creativity and skepticism that has produced the stunning and
unexpected findings of science.”

Carl Sagan, Broca’s Brain: Reflections on the Romance of Science, 1979.

o AND LERALI DE CORPORS
HVMANI COR- PORIS OSSIVM
EX LATERE BELINEALTIO

Skeletal illustration. (Andreae Vesalii Bruxellensis, scholae
medicorum Patauinae professoris, de Humani corporis fabrica
Libri septem, 1543)
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RANSCRIPTION OF HISTORICAL DOCUMENTS is an interesting task for libraries in order to make

@ their content available electronically. In the lasts years, the use of Handwritten Text Recog-

nition (HTR) systems allowed paleographers to speed up the manual transcription process,

since they are able to correct on a draft transcription (Fischer, 2012). Another alternative is obtain-

ing the draft transcription by dictating the contents to an Automatic Speech Recognition (ASR) system.

When both sources (image and speech) are available, the multimodal combination of both sources of

information permits one to obtain better draft transcriptions, allowing for a faster transcription pro-

cess (Alabau et al., 2011, 2014). In this chapter, a multimodal combination method based on Confusion
Networks is presented.

3.1 Introduction

The combination of natural language recognition systems allows one to improve the recognition ac-
curacy. In most cases, this combination can be performed in three different stages of the recognition
process (Li, 2005): in the feature extraction stage (feature combination), in the search process (proba-
bility combination), and in the decoding output (hypothesis combination).

* Feature combination: Feature combination is performed concatenating the different features at
feature vector level to form a new feature vector sequence to be used in the recognition pro-
cess (Potamianos and Neti, 2001). This combination method usually requires synchronous parallel
feature streams.

Illustration info: Five triads of concepts drawn inside a circle, used to draw conclusions from comparisons of its basic com-
ponents (Ramon Llull, Arts demostrativa, 1283).
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* Probability combination: In probability combination methods, the recognition class probabilities
are combined before the final search process. The probability combination can be performed
synchronously (Hernando et al., 1995) combining the observation probabilities of the HMM states
frame-by-frame, or asynchronously (Dupont and Luettin, 2000) combining the probabilities at
a higher-level, such as characters or phonemes. Synchronous probability combination requires
synchronous parallel feature streams, while asynchronous probability combination allows one to
combine asynchronous parallel feature streams of the same nature (they use the same higher-level
unit, such as in audio-visual speech recognition (Gurban and Thiran, 2005)).

* Hypothesis combination: The last stage where the combination can be performed is at recogniser
output (Fiscus, 1997). In this stage, the hypotheses obtained after the completion of the search pro-
cess from each recogniser are combined. In hypothesis combination, the parallel feature streams
can be synchronous or asynchronous, and the only restriction is that all feature streams must
represent the same final sequence of words.

The similar nature of the HTR and ASR processes (common use of HMM as optical or acoustical
models, use of n-grams as language models, Viterbi decoding process, etc.) makes this integration of
knowledge easier than for other modalities. In fact, it can be seen as the integration of the result of two
different recognisers.

Many techniques have been proposed for unimodal system combination (Fiscus, 1997; Evermann
and Woodland, 2000; Bertolami et al., 2006; Ishimaru et al., 2011). In the case of bimodal fusion (image
and speech), (Woodruff and Dupont, 2005) presents a technique that can be applied for isolated words.
However, bimodal combination in continuous decoding for the two modalities is a hard problem because
of the time asynchrony between the two signals, i.e., the sequence of feature vectors for each modality
differs in length and therefore it is not an easy problem to find the time points where the same elements
(words in this case) are synchronised.

An initial approach for solving this limitation was proposed in (Alabau et al., 2011). This tech-
nique uses the output of the recognition process of one of the modalities, in form of lattice or word-
graph (WG) (Ortmanns et al., 1997), to modify the general language model in order to make more likely
the decoded sentences; this modified language model is employed in the decoding for the other modal-
ity. An iterative version of this procedure was presented in (Alabau et al., 2014). The results reported
for a historical document in Spanish showed significant improvements in the final results.

Anyway, the approach proposed in (Alabau et al., 2011, 2014) presents a few drawbacks: there
is not a single hypothesis for the two modalities (each modality provides its own hypothesis and it is
not known beforehand which one is more accurate), and the initial modality must be chosen arbitrarily
(which according to the presented results is crucial for the quality of the final decoding).

In this chapter we present a new proposal based on the use of Confusion Networks (CN) (Sal-
darriaga and Cheriet, 2011; Mangu et al., 2000) for obtaining a single hypothesis from the combination
of the outputs (in initial form of WG) of an HTR and an ASR recogniser that refer to the same text.
The chapter is structured as follows: Section 3.2 introduces the combination of natural language recog-
nition systems, Section 3.3 draws the details on the proposed combination technique, and Section 3.4
summarises the conclusions on the presented topics.

3.2 Hypothesis Combination on Natural Language Recognition

The multimodal combination of HTR and ASR systems can not be performed easily at any stage of the
recognition process given the different nature of these modalities and the asynchrony with respect to
each other. The easiest way of performing this multimodal combination is to combine the results of both
systems by using a hypothesis combination method.

Many techniques on joining results have been proposed with the idea of reducing the error in
the combined output. Some examples are: Recogniser Output Voting Error Reduction (ROVER) (Fiscus,
1997), N-best ROVER (Stolcke et al., 2000), Lattices Rescoring (Stolcke et al., 1997), and Confusion
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Network Combination (CNC) (Evermann and Woodland, 2000). These methods can be used to combine
the outputs of recognition systems of different modalities that represent the same sentence. They all ef-
fectively improve the recognition performance, even though each one presents different characteristics.

3.2.1 Recogniser Output Voting Error Reduction (ROVER)

The widely used ROVER method (Fiscus, 1997) misses part of the information contained in the recog-
nition outputs as it performs the combination by voting (at word level) among the different system
outputs using only the 1-best hypothesis.

The ROVER method is implemented in two modules. In the first one, the 1-best decoding outputs
are aligned and combined in a word transition network (with a structure similar to a Confusion Network
-Figure 2.10-). Then, the second module (the voting search module) evaluates each subnetwork to select
the best scoring word (using a voting scheme) for the new transcription.

Voting is performed as follows: for each subnetwork the number of occurrences of each word w in
the corresponding subnetwork i is accumulated in an array N(w, i), and normalised by dividing N (w, i)
by the number of combined systems (N;) to scale the frequency of occurrence to the unity. Moreover,
depending on the voting scheme, the confidence scores for word w in the subnetwork i are measured
and normalised in an array C(w,i). The confidence score of NULL transition arcs can be defined by the
Conf (@) parameter.

The balance between using word frequency and confidence scores can be adjusted by means of a
parameter a:

Score(w, i) = a(

where 0 <a <1.
The voting search module offers the following three different voting schemes:

1. Frequency of occurrence. In the voting by frequency of occurrence scheme all confidence scoring
information is ignored, i.e. the a parameter is set to 1.

2. Frequency of occurrence and average word confidence. In this voting method, the confidence
score of each word w in the array C(w, i) is set to the average value of the appearance of this word
w in the subnetwork i. Both parameters a and Conf (@) must be trained a priori.

3. Frequency of occurrence and maximum confidence. In the last voting scheme, the confidence
score of each word w in the array C(w,i) is set to the maximum value of the appearance of this
word w in the subnetwork i. In this case, both parameters a and Conf (@) must be also trained a
priori.

3.2.2 N-best ROVER

The combination of multiple hypotheses can produce an output more accurate than combining only the
1-best hypothesis. This is the idea behind the N-best ROVER method (Stolcke et al., 2000), which uses
n-best outputs to perform the combination.

This method works in three steps. In a first step, the n-best & hypotheses from the decoding of a
feature vector sequence x by using different systems S; are aligned like in the ROVER method. Then, in
a second step the normalised and weighted log-linear word posteriors are estimated for each system. In
the last step, the combined word posterior is computed as a linear combination.

The word posteriors for each word w and system i are computed for each subnetwork j by log-
linear score weighting, followed by a normalisation over all hypotheses.
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L eXP[Z/\ijSij(h | X)]
Pi(w|x) = 2 ! (3.2)

Zexp[); Aijsij(h | x)]
Vh j

where s;;(h | x) is the log-score, and A;; are the log-score combination weights for the subnetwork j of the
hypothesis h of the system i. Then, the combined posterior can be computed as a linear combination:

Pw|x)=) wPiw|x) (3.3)

where p; represents the system weight.

Finally, the combined hypothesis is formed by the concatenation of the most probable word hy-
potheses at each position in the alignment. Therefore, like ROVER, this method presents the following
constraint: the result of the combination is composed of a single hypothesis.

3.2.3 Lattices Rescoring

Combining multiple lattices on a new lattice not only may improve the most likely hypothesis, but
also this new lattice may contain better hypotheses than the most likely. The N-best List and Lattices
Rescoring method (Ostendorf et al., 1991; Stolcke et al., 1997) optimises the word-level recognition
scores and constructs a word lattice from all information contained in the lattices to combine.

This algorithm has two components. In the first one, the scores of the hypotheses contained in
the lattices to combine are weighted by using a parameter, and then all these hypotheses are aligned
and merged in one n-best list. In the second one, the optimisation of the word-level recognition scores
is made by means of the substitution of the normalisation term P(X) of Equation (2.1) by a finite sum
over the set W of all the hypotheses in the joint n-best list:

P(%) = Z P | %) (3.4)

Finally, a new combined lattice is built from the rescored n-best hypotheses.

3.3 Our proposal: Bimodal Confusion Network Combination

As an output format for handwriting and speech recognisers, Confusion Networks (CN) reduce the
complexity of the Word Graph (WG) without losing important information (Xue and Zhao, 2005).

The bimodal CN combination technique presented here is based on the unimodal CN combi-
nation technique shown in (Ishimaru et al., 2011). Our technique combines the CN derived from the
outputs of two recognition systems of different modality, one for HTR and the other for ASR, and it
acts in two steps. In the first step, the subnetworks of both CN are aligned by similarity, marking the
selected subnetworks as immovable anchors. In the second step, a new CN is composed from the base
of the first CN, by using combination, insertion and deletion of subnetworks.

During the development of this bimodal combination technique, the operation was verified by
using CN obtained from several samples of the multimodal test set of the Rodrigo corpus. From this
experience, the value of some variables was defined. Specifically, 10~* for the smoothing factor ©, 0.75
for the delete threshold 6, and 0.25 for the insertion threshold .
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Figure 3.1: Bimodal combination example, reference: <s>AGORA CUENTA LA HISTORIA </s>.

3.3.1 Subnetworks Based Alignment

Due to the fact that outputs of different recognition systems may have different errors, it is necessary to
find some reference subnetworks that serve as anchors between the CN we wish to combine. The search
of anchor subnetworks is performed in both directions (from left to right and vice versa) simultaneously,
taking as anchor subnetworks only those where the search on both directions coincide. This search can
be adjusted by several parameters, such as:

* Searching unigrams, bigrams or skip-bigrams.
* Searching only on the most probable word or on all the words contained in the subnetworks.
* Setting a gram matching error threshold € between words.

As words can be decomposed on characters (basic unit for HTR) and phonemes (basic unit for
ASR), the quadratic mean of the Character Error Rate (CER) and the Phoneme Error Rate (PER) is used
to assess the gram matching error between words of both CN:

CER(WA,WB)2 +PER(wA,wB)2
E(wy, wp) = \/ > (3.5)
where E represents the gram matching error, and the words of the first and the second CN are repre-
sented by wy and wg respectively. CER and PER are defined on Section 2.7.1.

In Figure 3.1 a complete example of the performance of our technique is shown. In this example,
CNy, CNp represent the two CN to combine, and CN¢ the resulting CN. When searching for anchor
subnetworks on bigrams and unigrams with € = 0, it would find the following anchor subnetwork pairs:
SN{-SNp, SN2 -SN}, SN2 -SNZ,and SN; - SN;.

3.3.2 Composing a New Confusion Network
The final goal of the CN combination is to compose a new CN with higher accuracy than the two orig-

inal CN. The edit operations used to compose the new CN are: combination, insertion and deletion of
subnetworks.

Combination

Combination of subnetworks allows to maximise the probability of the correct word, if it is present on
both subnetworks (SN, and SNp). Based on the Bayes theorem and assuming a strong independence
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Figure 3.2: Example of subnetwork combination with @ = 0.5 and ® = 10~%. The Smoothing block
represents the use of Equation (3.8), and the Combination block the use of Equation (3.7).

between SN, and SN, we get:

P(w | SN, SNp) = P(w | SN4)P(w | SNp) (3.6)

However, in practice it is usual to employ a weighted version of Equation (3.6) in which the
weight factor a permits to balance the relative reliability between the different probability distributions
models (as happens in HTR and ASR systems to balance the influence of the optical/acoustical models
and the language model). Thus, in practice we use the following:

P(w | SN, SNp) = P(w | SN4)*P(w | SNp) @ (3.7)

Before combining two subnetworks with Equation (3.7), it is necessary to smooth all the word
probabilities. Otherwise, uncommon words would have null probabilities. Equation (3.8) permits one
to smooth the word probabilities of all words (n = common + uncommon) in both subnetworks. This
equation is based on Laplacian smoothing (Zhai and Lafferty, 2004). However, here the word counts are
obtained by dividing the word probabilities by a defined granularity ©.

P(w|SN)+©

PwlSN) = =75

(3.8)

Finally, the word probabilities on the resulting subnetwork are normalised.

In the example presented in Figure 3.1, SN;‘1 and SN are selected for combination. In this case,
the correct word (LA) is not the most probable word in either subnetwork. However, it becomes the
most probable word when combining both subnetworks with & = 0.5 and © = 1074, as it can be seen in
SNé (in Figure 3.2 this combination process is shown in detail).

Insertion and Deletion

Insertion and deletion editing actions allow one to reach a compromise when there is a disagreement
between the CN as to whether a particular position between two words should or should not be another
word. Specifically, insertion occurs when the second CN subnetwork presents a word with a probability
greater than a threshold y and which is not present in the same position of the first CN subnetwork.
Deletion occurs similarly, when the second CN considers that a word is not necessary in a specific
position of the first CN, and the most probable word of the first CN subnetwork to delete does not reach
a threshold 9.

Both operations use the same procedure: the subnetwork to insert or to delete is combined with a
subnetwork with an only *DELETE* arc with probability 1.0. As an example, the subnetworks SNE;1 and

SN}‘ (see Figure 3.1) are inserted and deleted, respectively.
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Composition of the New Confusion Network

The first step on the composition of the new CN is to combine the subnetworks labeled as anchor.
Thereby between consecutive anchored subnetworks, a series of aligned fragments appear in both CN.
Each fragment can contain from none to several subnetworks. In the example in Figure 3.1, two frag-
ments appear, the first one between anchors SNX - Sng and SNX - SN&, and the second one between
anchors SNX - SN§, and SNj - SNg. We use these fragments sizes to decide what to do with each sub-
network. Comparing the sizes of two aligned fragments, we can find the following cases, when both
fragment sizes are not null:

1. If both fragment sizes match, all subnetworks are combined one by one.

2. If the fragment size of only one CN is null, we must choose whether to insert or to delete (as
explained above) for all the subnetworks contained in the fragment of the other CN. This is the
case of the first fragment in the example of Figure 3.1, which is composed only by SN;. It is
deleted, since the probability of the first word does not reach the 6 threshold (in this case, 6 = 0.75
was chosen).

3. If both fragment sizes are different and none is null, we must find every additional anchor subnet-
works in a relaxed search, and decide whether to insert or delete for the rest of subnetworks. This
is the case of the second fragment in the example of Figure 3.1, which is formed by SN;L on a side,
and by SN g and S Ng on the other. When searching for unigrams on the whole subnetworks, it is
found that S Nﬁ can be combined with SN g , and given that SN g exceeds the threshold y (in this
case, ¥y = 0.25 was taken), it is inserted.

Finally, a new CN is obtained as a result of this process. In Figure 3.1, CN¢ is the resulting CN; it
can be seen that several errors have been corrected, and the correct sentence (<s>AGORA CUENTA LA
HISTORIA </s>) has the highest probability.

3.4 Conclusions

In this chapter, a multimodal combination technique for improving the transcription of historical hand-
written documents has been presented. This technique takes advantage of the fact that different natural
language recognition systems make different errors; thus, editing operations can correct errors. Inser-
tion and deletion create new word sequences that enrich the resulting CN, and the combination can
maximise the probability of the correct word. This can occur when both subnetworks contain the cor-
rect word, and even when this word has a low probability in both subnetworks. Conversely, if only
one subnetwork contains the correct word and both subnetworks contain the same erroneous word,
this error will be maximised at the expense of the correct word. Despite of this fact, we will see in
the next chapter (Chapter 4) how the performed experiments confirm the strengths of this combination
technique.

The initial experimentation detailed in next chapter (Chapter 4) includes iterative and non-
iterative combination experiments (in the iterative fashion proposed in (Alabau et al., 2014)), and ex-
periments where the outputs of more than two recognition systems (of the same or different modality)
are combined by using a hierarchical combination. Moreover, the quality of the hypotheses contained in
the resulting CN are studied, and the proposed combination method is compared with the other three
combination techniques presented in Section 3.2.

This combination method was used to provide the multimodal input and to improve the integra-
tion of the multimodal user feedback in an assistive environment for transcribing text images (Part III).
Finally, a multimodal crowdsourcing system for transcribing historical handwritten documents (Part IV)
was designed using this multimodal combination method and the idea of iterative language model in-
terpolation presented in (Alabau et al., 2014).
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tEXPERIMENTAL RESULTS

“No importa
-decia José Arcadio Buendia-.
Lo esencial es no perder la orientacion.”!

Gabriel Garcia Médrquez, 100 afios de soledad, 1967.
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| ANDWRITTEN TExT RECOGNITION (HTR) allows us to speed up the manual transcription process
of digitalised historical manuscripts. However, recent research shows that as other modalities
of natural human language can be useful for improving the obtained draft transcription to be
corrected by paleographers (Alabau et al., 2011, 2014). For instance, this is the case of Automatic Speech
Recognition (ASR) on the dictation of the contents of the historical manuscript that can be used as an
additional source of information in a multimodal combination. Apart from that, an iterative process
can be used in order to refine the final hypothesis. Moreover, more than one recognition system per
modality can be combined to obtain a draft transcription, given that combining the outputs of different
recognition systems will generally improve the recognition accuracy.

This chapter describes the performed experiments to test the effectiveness of the combination
method presented in the previous chapter (Chapter 3). In an initial experiment, this proposal is tested
on two different Spanish historical books with different difficulty level. The obtained results show that

L“Iy’s all right -José Arcadio Buendia said-. The main thing is not to lose our bearings.”
Ilustration info: The calculator (James Ferguson, Astronomy explained upon Sir Isaac Newton’s Principles, and made easy to
those who have not studied mathematics, 1806).
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the proposed technique provides similar or better draft transcriptions than a previously proposed ap-
proach (Alabau et al., 2011, 2014), allowing for an easier transcription process. In a second experiment,
its effectiveness when combining several recognisers of both modalities is tested for transcribing a Span-
ish historical book. Results present improvements on both unimodal combination (with different optical
-for HTR- and acoustical -for ASR- models), and on multimodal combination, where the improvement is
statistically significant. In this second experiment, the improvements produced in the set of hypotheses
contained in the resulting Confusion Network is studied, and the difficulty of reaching the best hypoth-
esis (oracle) is estimated. Finally, in a last experiment, the performance of our proposal is compared
with other well established combination techniques on both Spanish historical books.

The rest of the chapter is structured as follows: Section 4.1 presents the experimental frame-
work, Section 4.2 explains the experimental setup, Section 4.3 shows the results of the iterative and
non-iterative combination experiments, Section 4.4 draws the results of the unimodal and multimodal
combination experiments, Section 4.5 describes the results of the comparison with other combination
techniques, and Section 4.6 summarises the conclusions.

4.1 Experimental Framework

This section introduces the datasets, features, models, and evaluation metrics used on the experiments.

4.1.1 Datasets

Historical Manuscript Corpora

The following two different historical manuscripts were employed in the experimentation:

* Cristo Salvador is a single writer handwritten book of the 19t century provided by Biblioteca Va-
lenciana Digital (BiValDi). This corpus represents a total number of 1,172 lines, with a vocabulary
of 3,287 different words. For training the optical models for HTR, a partition with the first 32
pages (675 lines) was used. Test data for HTR is composed of the lines of page 41 (24 lines, 222
words). This corpus is the same employed in (Alabau et al., 2011, 2014) and allows for an initial
comparison with our proposal.

* Rodrigo (Serrano et al., 2010) is a corpus obtained from the digitalisation of the single writer book
“Historia de Espana del argobispo Don Rodrigo”, written in Early Modern Spanish in 1545. It is
composed of 853 pages that were automatically divided into lines (see example in Figure 2.11),
giving a total number of 20,356 lines. The vocabulary size is of about 11,000 words. For training
the optical models, a standard partition with a total number of 5,000 lines (about 205 pages) was
used. Test data for HTR was composed of two pages that were not included in the training part
(pages 515 and 579). These two pages contain 50 lines and 514 words.

Figure 4.1 presents two text line samples, one for each one of the historical manuscripts used in
the experiments. More information about these datasets can be found in Section 2.8.1.

Speech Training Corpus: Albayzin
The acoustical models for ASR were trained by using a partition of the Albayzin Spanish

database (Moreno et al., 1993) presented in Section 2.8.3. The training partition used includes 4800
phonetically balanced utterances, with a total length of about 4 hours.

Multimodal (Text - Speech) Corpora

Test data for ASR was the product of the controlled acquisition (see Section 2.8.4 for more information)
of the dictation of the contents of the lines contained in the test set of both historical manuscripts.
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Figure 4.1: Sample lines for Cristo Salvador (top) and for Rodrigo (bottom).

Specifically, in the case of Cristo Salvador, the ASR test data was composed of the acquisition of the
dictation of the contents of the 24 test lines by five different speakers (i.e., a total set of 120 utterances,
with a total length of about 9 minutes), while in the case of Rodrigo seven different speakers read the 50
handwritten test lines, giving a total set of 350 utterances (about 15 minutes).

4.1.2 Features

Off-line handwritten text features were computed in several steps as explained in Section 2.2.2. Final
regular feature vectors were composed of 60 dimensions.

Mel-Frequency Cepstral Coefficients (MFCC) were used as speech features. These regular ASR
features were obtained following the procedure presented in Section 2.2.1, resulting in 39 dimensional
features vectors.

In the tandem feature extraction scheme (see Section 2.2.4 for more information), two Multi-
Layer Perceptrons (MLP) with 2,000 neurones at the hidden layer and a softmax transfer function at the
output layer were trained to estimate symbol-phoneme posterior probabilities. On the one hand, for
HTR, a MLP with 60 neurones at the input layer and 106 neurones at the output layer was trained with
Torch (Collobert et al., 2002). On the other hand, for ASR, the MLP had 39 neurones at the input layer
and 25 neurones at the output layer and it was trained by using QuickNet (Johnson, 2004). Both MLP
were trained by backpropagation with a mean-squared error criterion. The final tandem features are
constituted by the log posteriors probabilities of the MLP.

4.1.3 Models

Optical and acoustical models were trained by using HTK (Young et al., 2006). On the one hand, sym-
bols on the optical models are modelled by a continuous density left-to-right HMM with 12 and 4 states
for Cristo Salvador and Rodrigo, respectively, and 32 Gaussians per state. On the other hand, phonemes
on the acoustical model are modelled as a left-to-right HMM with 3 states and 64 Gaussians per state.

In order to test the influence of the speaker adaptation in the acoustical models for the Rodrigo
corpus, the speaker independent acoustical models were adapted to each speaker and page using HTK’s
Maximum Likelihood Linear Regression global adaptation (Young et al., 2006). For each independent
acoustical model, two adapted models were obtained per speaker, since we got the adapted models for
decoding one page by using the audio samples of the other page, and vice-versa.

The lexicon models were estimated in the HTK lexicon format, where each word is modelled as a
concatenation of symbols for HTR or phonemes for ASR.

The baseline language models (LM) were estimated as a 2-gram with Kneser-Ney back-off smooth-
ing (Kneser and Ney, 1995) directly from the transcriptions of the pages included on the HTR training
sets (32 pages for Cristo Salvador, and about 205 pages for Rodrigo). The Cristo Salvador LM was interpo-
lated with the whole lexicon in order to avoid out-of-vocabulary (OOV) words. In contrast, the Rodrigo
LM presents a 6.2% of OOV words. All processes on language models (inference, interpolation, ...)
were done by using the SRILM toolkit (Stolcke, 2002).
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4.1.4 Evaluation Metrics

The measures used to evaluate the obtained experimental results are the following: WER, oracle WER,
CER, and oracle CER, with their corresponding confidence intervals at 95%. The statistical significance
was confirmed by using p-values and a significance threshold set at « = 0.025. On the other hand,
perplexity was used to measure the performance of language models. Section 2.7 explains the details of
these evaluation measures.

The statistical dispersion of the position (in a n-best list) of the best hypothesis (the best but
maybe not the most likely) that allow one to obtain the oracle value permits to estimate the difficulty
of reaching this oracle value. The Interquartile Range (IQR), the median, and the Median Absolute
Deviation (MAD) were used to measure this statistical dispersion.

4.2 Experimental Setup

The recognition systems were implemented by using the iATROS (Lujdn-Mares et al., 2008) recogniser,
and the SRILM lattice-tool (Stolcke, 2002) utility was used to obtain CN from the WG obtained in the
decoding processes.

The values of the main decoding variables (GSF, WIP, and beam factor) were tuned with respect to
the test set so as to optimise the experimental baseline results. In this way, the main research challenge
of this thesis was presented, that is, to improve, after the recognition process, the best transcription that
recognisers are able to offer. As explained in Section 2.4 these parameters have a significant effect on
the decoding performance. In an initial tuning, the best results were obtained by using the values of the
upper half of Table 4.1 for both modalities and each data set. These values were used only on the first
experiment (Section 4.3). Afterwards, a more extensive search was performed, and new combinations of
decoding parameters that allowed us to improve the decoding results were found. These final decoding
values are presented on the bottom half of Table 4.1. These final values were used for obtaining the
decoding baseline for the rest of the experiments performed in this thesis.

Table 4.1: Tuning of the main decoding variables.

Cristo Salvador Rodrigo
GSF WIP beam factor GSF WIP beam factor

Tunning Modality

HTR 80 160 3000 20 -20 600
ASR 5 7 1000 20 -20 400

HTR 60 200 3000 30 -20 3500
ASR 5 7 1000 15 -5 300

Initial

Final

In the experiments, the anchor subnetworks search was performed several times, looking for skip-
bigrams (allowing only one wrong word in the gap) and unigrams, throughout the whole hypothesis in
the subnetworks. Specifically, we started with a perfect matching search of skip-bigrams, followed by
a perfect matching search of unigrams. Next, we made a relaxed matching search of skip-bigrams, and
a relaxed matching search of unigrams, setting the matching error threshold to € = 27/2. A relaxed
search with this threshold would allow to align words like 3 and TRES that coincide in their phonetical
transcription ([ ‘tres ]), since it is the same word written differently. We used a weight factor of a = 0.5
(despite the fact that in the baseline experiments the HTR is more reliable than the ASR), a granularity
for smoothing of ® = 1074, and y = 0.25 and 6 = 0.75 as thresholds for insertion and deletion respec-
tively.
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4.3 Experiment 1: Iterative and Non-Iterative Combination

In order to test the performance of the multimodal combination method presented in Chapter 3, we have
experimented with two HTR corpus (Cristo Salvador and Rodrigo, for more information see Section 2.8)
with different degrees of complexity. For both corpora, we started obtaining the baseline values for
both modalities. Next, we reproduced the technique of (Alabau et al., 2011) to get the multimodal WG
baseline, and the technique of (Alabau et al., 2014) to get the iterative multimodal WG baseline during
10 iterations. Finally, we made the multimodal CN combination described in Section 3.3, and we got
the iterative multimodal CN results.

At each iteration of the iterative experiments, the original LM (the LM obtained on the train-
ing) is interpolated with the decoding results so as to obtain an improved LM for the next decoding
process (Alabau et al., 2014).

4.3.1 Experiments with Cristo Salvador

The obtained results are shown in Table 4.2. The baseline results are similar to those presented in (Al-
abau et al., 2011). In our experiments, the best results on the multimodal WG were obtained in the
direction HTR — ASR. Compared with the HTR baseline there is an improvement, but the confidence
intervals overlap (p =.076). However, with the iterative multimodal WG a significantly (p =.020) rela-
tive improvement of 30% of WER is achieved in the same direction.

Table 4.2: Cristo Salvador experiment results. Best results in boldface.

Experiment WER CER LM Perplexity
Baseline HTR 33.3%+7.0 15.8%+3.9 742.8
Baseline ASR 432%+3.2 20.3%+1.8 742.8
Multimodal WG 25.5%+2.9 11.2%+1.4 102.3
Iterative Multimodal WG 23.3%+2.9 11.1%+1.5 27.4
Multimodal CN 30.6%+2.9 14.2%+1.7 46.9

Iterative Multimodal CN  26.0% +2.7 12.0% +1.5 31.6

Furthermore, the improvement produced by our CN technique achieves similar results to those
of the WG technique, in both multimodal and iterative multimodal experiments. However, these results
are not significant when compared to the HTR baseline.

Perplexity measures the usefulness of a language model for decoding a reference text. As can be
observed in Table 4.2, the original LM (used in the HTR and ASR baseline decodings) presents a huge
perplexity value (742.8) that gives an idea of the difficulty of the task. After the first interpolation in
the multimodal approaches, the perplexity of the obtained LM drops considerably (102.3 and 46.9 for
WG and CN, respectively). Finally, after 10 iterations, the perplexity of the final interpolated LM drops
to a value close to 30 for both approaches.

4.3.2 Experiments with Rodrigo

The same experimental procedure was used with this corpus. Nevertheless, the results are completely
different. Although the original LM for Rodrigo presents a lower perplexity (298.4) compared with the
observed in the previous experiment, some differences as the language (Rodrigo was written in Early
Modern Spanish and Cristo Salvador in Modern Spanish), and the presence of hyphenated and OOV
words make Rodrigo a much more challenging corpus. Baseline values in both HTR and ASR are very
high, due to the difficulty of the corpus, and to the fact that the decoding parameters (upper half of
Table 4.1) were not optimal, as we observed posteriorly.

Table 4.3 shows the results obtained. On the multimodal WG, not only the ASR is ineffective
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Table 4.3: Rodrigo experiment results. Best results in boldface.

Experiment WER CER LM Perplexity
Baseline HTR 45.1%+5.4 23.9%+5.2 298.4
Baseline ASR 68.9% +2.3 41.6%=*1.6 298.4
Multimodal WG 451%+2.2 24.7%+2.3 74.5
Iterative Multimodal WG 42.6% +2.0 24.0% +1.9 73.8
Multimodal CN 38.8%+1.7 19.3%+0.9 81.0

Iterative Multimodal CN 38.0% +1.6 17.4%+0.9 56.9

correcting the HTR, but also worsens (although, not statistically significant, p =.497) the CER level on
the best results obtained in the direction ASR — HTR. The iterative multimodal WG produces a slight
and not significant (p =.414) WER improvement in the direction HTR — ASR.

On the other hand, our Multimodal CN technique produces improvements on both WER and
CER level, from the first combination. The iterative multimodal CN achieves significant improvements,
with a relative improvement of 15.7% of WER (p =.023) and 27.2% of CER (p <.001).

Regarding the LM perplexities, as in the previous experiment, after the first interpolation in the
multimodal approaches, the perplexity of the obtained LM drops considerably (from 298.4 to 74.5 for
WG and 81.0 for CN). However, after 10 iterations, the perplexity of the final interpolated LM drops
slightly for the WG approach to 73.8, while for our CN approach achieves a value of 56.9.

4.4 Experiment 2: Unimodal and Multimodal Combination

Hierarchical combination was tested with the Rodrigo corpus. In this experiment, we used regular HTR
and ASR features (see Section 2.2), and the tandem procedure (Hermansky et al., 2000) to obtain tandem
HTR and ASR features (see Section 2.2.4). Moreover, the MLLR speaker adaptation technique (Leggetter
and Woodland, 1995) was used to improve the performance of the acoustical models (more information
about morphological models and its adaptation can be found in Section 2.3.1). In this way, six different
recognition systems were obtained: two HTR systems (regular and tandem), and four ASR systems
(regular and tandem, with and without speaker adaptation). As a first step, the reference values for
each recognition system were obtained. As a second step, the unimodal combination was performed.
Finally, the multimodal combination was conducted. With regard to the order of the combinations, the
best results were obtained with the order represented in Figure 4.2. However, the differences were not
significant with respect to the rest of possible combination orders.

4.4.1 Baseline Experiments

The reference values shown in Table 4.4 and Table 4.5 were obtained by using the selected final values
for the decoding parameters presented on the bottom half of Table 4.1. As can be observed, the HTR
reference values are better than the ASR reference values. As to the baseline HTR results (Table 4.4),
the tandem system produces lower error rates. Therefore, we take these values as the baseline reference
for this experiment; namely, 32.9% for WER and 15.7% for CER. Regarding the oracle baseline results,
the lower bounds were obtained in the HTR modality; specifically, 24.9% for WER and 11.6% for CER.
Both are also from the tandem system.

The baseline ASR results (Table 4.5) are quite poor because of the difficulty of the corpus. In
Rodrigo were faced with text images containing hyphenated words (e.g., REYNA, where a part of the
word RE is at the end of a line and the second part YNA is at the beginning of the following line),
abbreviations (e.g., NRO) that are pronounced as the whole word (NUESTRO [ ‘nwes tro ]), and words
written in multiple forms (e.g., XPIANOS and CHRISTIANOS, or numbers as 5 and V) but that are
pronounced in the same way ([ kris ‘tja nos |, [ ’0iy ko ]). In spite of these facts, speaker adaptation and
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Figure 4.2: Unimodal - Multimodal combination diagram. (A) denotes speaker adapted models

Table 4.4: HTR baseline results for the Rodrigo corpus. Best results are highlighted in boldface.

System WER Oracle WER CER Oracle CER

Regular 39.3%+4.1 28.0%+3.1 20.6%=+25 14.0%=x2.1
Tandem 32.9%+5.3 24.9%+5.6 15.7%+49 11.6%+4.9

Table 4.5: ASR baseline results for the Rodrigo corpus. (A) denotes speaker-adapted models and the
best results are highlighted in boldface.

System WER Oracle WER CER Oracle CER

Regular 62.9%+2.2 44.9%+2.1 354%+1.4 25.1%+1.4
Regular (A) 51.0%+2.2 33.7%=+2.0 26.4%+1.3 17.2%+1.2
Tandem 58.6%+2.2 41.1%+2.0 31.3%+1.3 21.9%+1.3
Tandem (A) 55.5%+2.2 38.4%+2.1 28.9%+1.3 19.7%+1.1

tandem features provide improvements for ASR when compared to the regular baseline. Specifically,
the best results were obtained with the regular model with speaker adaptation (A). Regarding the WER,
a value of 51.0% was obtained, while the value of CER reached 26.4%. In this experiment, the search
of oracle values was limited to the 2000-best. As can be observed, the ASR oracle values are worse than
the HTR baseline values.

4.4.2 Unimodal Combination Experiments

In these experiments, the output of the different systems of the same modality were combined. The
input signals to each recognition system are the same. Therefore, the combination of these outputs does
not represent the difficulty of asynchrony.

On the one hand, in the case of the HTR unimodal combination (Figure 4.2), once the image
signals were processed through each HTR system, the WG outputs were transformed into CN. Then,
these CN were processed by our CN combination technique, which returned a new CN by combining
the information from both HTR system:s.

On the other hand, for the ASR unimodal combination, as our technique allows us to combine
only two CN and we used four ASR systems, it was necessary to use the CN combination technique three
times as described in Figure 4.2. First, the voice signals were processed through each ASR system, and
their WG outputs were transformed in CN. Secondly, these CN were processed by our CN combination
technique by pairs, in order to obtain two combined CN. Finally, the two combined CN were processed
by our CN combination technique. Thereby, we got a new CN that combines the information from the
four ASR systems.
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Table 4.6: Combination results for the Rodrigo corpus.

Combination WER Oracle WER CER Oracle CER

HTR unimodal 31.1%+3.7 20.6%+3.2 13.3%+1.9 7.8%=+1.4
ASR unimodal 50.4% +2.0 34.9%+1.9 28.6%+1.3 185%=+1.2
Multimodal 28.2%+1.3 16.6%+1.3 13.1%+0.7 6.2%=+0.5

As shown in Table 4.6, the HTR unimodal combination reduced the error with respect to the
baseline HTR system at both the WER and CER level: 1.8% and 2.4% respectively. Meanwhile, the
combination introduced new information in the new CN that reduced the oracle levels, being of special
interest the case of the oracle CER since it presents 32.8% of relative reduction over the HTR oracle
CER baseline reference. In the case of the ASR unimodal combination, only a small improvement is
produced at the WER level when compared to the ASR baseline.

4.4.3 Multimodal Combination Experiment

In the multimodal combination experiment, the unimodal CN were combined with the aim of obtaining
a multimodal CN (Figure 4.2). The multimodal CN combination produced improvements compared
with the results obtained by the unimodal combinations, despite the high error values obtained by
the ASR unimodal combination. As can be seen in Table 4.6, a relative WER improvement of 9.3% is
achieved when compared to the HTR unimodal combination, and this relative improvement increases
to 14.3% when compared to the baseline reference as well. Furthermore, in terms of the CER, a relative
improvement of 1.5% is produced when compared to the HTR unimodal combination. The relative
improvement over the baseline reached 16.6% for this approach.

The oracle WER level presents a statistically significant (p =.001) relative improvement of 33.3%
when compared to the oracle WER baseline, while the statistically significant (p < .001) relative im-
provement presented by the oracle CER level when compared with the oracle CER baseline attained
46.6%.

4.4.4 Difficulty of Reaching the Oracle Values

The difficulty of reaching the oracle values from the information contained in each Confusion Network
was estimated by means of a statistical study of the dispersion of the n-best positions that allowed to
achieve those oracle values. In this experiment, the search of oracle values was limited to the 2000-best.

In Table 4.7, the statistical dispersion obtained for each CN is outlined for oracle WER and oracle
CER. Regarding the CN obtained from the recognition systems, the CN obtained from the tandem model
of the HTR offered the narrowest interquartile range (IQR), side by side with the lowest median and
median absolute deviation (MAD) values. On the opposite side, all the CN of the ASR presented a wide
IQR with high median and MAD values. As to the CN acquired from the combinations, the depth of
the search is reduced because of the increase in the amount of information and the word probability
correction resulting from the combination.

To show the importance of these statistical dispersions, it is necessary to represent them with their
related error values, as in Figure 4.3. In Figures 4.3(a) and 4.3(b), the statistical dispersions are plotted
as box plots, where the positions are normalised, the range of values is set to the difference between the
1-best error value and the oracle error value, and the minimum value is set to the oracle error value. In
the box plots, the IQR, the median, the minimum and the maximum values of the statistical dispersions
are represented. The smaller the box plot, the easier it will be to reach the oracle error value. Therefore,
the better systems have the lower values of oracle error, WER, etc.

Regarding the oracle WER (Figure 4.3(a)), in the CN of the reference system (HTR tandem) it
is very easy to reach the oracle WER value (24.9%) from the WER value (32.9%), whereas in the CN
from the different ASR systems it is not easy to reach the oracle WER value. With the combination, the
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Table 4.7: Statistical dispersion of the positions in the n-best list of the hypothesis that allows one to
obtain the oracle values. (A) denotes speaker-adapted models.

Confusion network Oracle WER Oracle CER

IQR Median MAD IQR Median MAD
HTR regular 423 62 61 1041 415 409
HTR tandem 50 2 2 119 17 16
ASR regular 967 412 398 1242 906 617
ASR regular (A) 897 365 359 1230 756 601
ASR tandem 866 334 329 1164 796 591
ASR tandem (A) 728 263 260 1300 831 658

HTR unimodal combination 137 26 25 594 144 142
ASR unimodal combination 567 129 127 1161 625 573
Multimodal combination 166 29 28 510 100 929
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Figure 4.3: Relative statistical dispersion in the set of the positions in the n-best list of the hypothesis
that obtain the oracle values. (A) denotes speaker-adapted models.

difficulty of reaching the oracle values is reduced, especially in the CN obtained from the multimodal
combination where it is quite easy to reach the oracle WER value (16.6%) from the WER value (28.2%).
In the oracle CER (Figure 4.3(b)), a similar behaviour is observed.

4.5 Experiment 3: Multimodal Combination Comparative

From the previous experiments, we can say that the multimodal combination of different sources of
information (in this case HTR and ASR) performed by using the proposed method provides a better
draft transcription than the HTR baseline to be offered to the paleographer in a post-edition correc-
tion approach. However, one advantage of this multimodal combination is the fact that this method
also enriches the set of hypotheses contained in the resulting lattice formatted as CN. This additional
enrichment can be very useful for improving the performance of interactive and assistive transcription
systems, and for developing further ideas such as using multimodality and crowdsourcing for document
transcription.

The next experiment was performed in order to compare the performance of our multimodal
CN combination proposal on two different handwritten text datasets (Cristo Salvador and Rodrigo) with
other three well stablished combination techniques (ROVER, N-best ROVER, and Lattices Rescoring: see
Section 3.2 for more information about combination of natural language recognition systems). Given
that usually on interactive transcription systems the corrections and measures are made at word level,
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in the following experiment the obtained results are compared at word level. Moreover, in this experi-
ment the best WER values contained in the lattices, i.e. the oracle WER values, were obtained without
limitation by using the SRILM toolkit (Stolcke, 2002).

In order to optimise the experimental results, the values of the main decoding parameters (GSF,
WIP, and beam factor) were set to the values presented on the bottom half of Table 4.1. In the multimodal
combination both modalities were equally weighted. Therefore, the different combination parameters
were: frequency of occurrence voting scheme for ROVER (since the multimodal combination is per-
formed without training), uniform weights (A = 1 and y = 0.5) for N-best ROVER, and combination
weight of 0.5 for the Lattices Rescoring and CN Combination techniques.

For both historical manuscripts, the unimodal lattices were obtained from the decoding processes
of both modalities, and then, the obtained lattices of both modalities were combined by using the dif-
ferent combination techniques.

Table 4.8: Multimodal combination comparative. Best results are highlighted in boldface.

. Cristo Salvador Rodrigo
Experiment
1-best WER Oracle WER 1-best WER Oracle WER
Unimodal Baseline HTR 32.9%+6.8 27.5%+6.4 39.3%+41 28.2%+3.0
© Baseline ASR 43.3%+3.4 27.4%+2.2 62.9%+2.2 29.5%=+1.6
ROVER 32.7%+2.9 32.7%=+2.9 44.9%+1.8 44.9%+1.8
. N-best ROVER 33.3%+2.9 33.3%+29 384%=+1.8 384%=+1.8
Multimodal

Lattices Rescoring 31.3%+2.6 10.3%+1.7 37.2%+1.7 10.6%+0.9
Proposed CNC 29.3%+2.5 13.4%+2.1 359%+1.6 14.8%+1.0

Similar behaviour can be observed for both data sets in the final results presented in Table 4.8.
Regarding the unimodal results, speech recognition does not seem to be a good substitute for hand-
writing recognition for transcribing historical manuscripts. However, the lattices obtained from the
ASR decoding processes present similar oracle WER values to those obtained from the HTR decoding
processes.

As could be expected, in the multimodal experiments the use of all hypotheses (compactly con-
tained in lattices) in the combination (used by Lattices Rescoring and our CN Combination proposal)
allows one to obtain better draft transcriptions to be corrected by a paleographer on a post-edition proce-
dure. Concretely, the best WER results were obtained by using our proposed CN Combination method.
In the case of Cristo Salvador, 29.3% + 2.5 of WER was obtained, representing a relative improvement
over the HTR baseline WER (32.9%+6.8) of 10.9%. For Rodrigo a WER value of 35.9%+1.6 was obtained,
with a relative improvement over the HTR baseline WER (39.3% =+ 4.1) of 8.7%. Concerning the oracle
WER, the best values were obtained by using the Lattices Rescoring method. Specifically, oracle WER
values of 10.3% and 10.6% were obtained for Cristo Salvador and Rodrigo, respectively.

Results show that WER improvements are not significant with respect to the HTR baseline WER,
but the oracle WER values are statistically significant lower (p <.001) in the case of lattice combination
methods. Therefore, an outstanding effect of multimodal lattices combination in interactive transcrip-
tion systems can be expected, since this low oracle WER is related to the amount and quality of the
alternatives offered by the combination technique (the lower the oracle WER, the more and better alter-
natives).

4.6 Conclusions and Future Work

In this chapter, the benefits of combining additional sources of information for the transcription of his-
torical manuscripts has been confirmed. The proposed combination method takes advantage of the fact
that different systems make different errors; thus, editing operations can correct errors. Insertion and
deletion create new word sequences than enrich the resulting CN, and the combination can maximise
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the probability of the correct word, when both subnetworks contain the correct word, even when this
word has a low probability in both subnetworks. Conversely, if only one subnetwork contains the cor-
rect word and both subnetworks contain the same erroneous word, this error will be maximised at the
expense of the correct word. Despite this, the experiments performed confirm the strengths of this CN
combination technique. In the iterative fashion, an additional advantage is that the new word sequences
generated by the proposed method enrich the language model, reducing their perplexity for the next
iteration, even with the existence of Out-Of-Vocabulary words.

The results observed lead us to believe that there is still room for improvement. We propose for
future studies the possibility of using not lines but whole sentences of the handwritten text corpus in
order to make multimodality more natural from the point of view of the paleographer or speaker who
has to dictate the contents of the handwritten text images to the ASR system.

Eventually, integrating multimodality in an interactive and assistive transcription system will re-
duce the time and the workload of paleographers for transcribing historical books, due to the increased
recognition accuracy and the quality of the alternatives contained in the multimodal lattice. The work
realised for integrating multimodality on an interactive tool for transcribing historical handwritten doc-
uments is detailed in the next part of this thesis (Part III).
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HE INITIAL RESULT OF AUTOMATIC RECOGNITION may make the paleographer’s task easier, since
they are able to correct on a draft transcription. However, given that paleographer revision
= s required to produce a transcription of standard quality, an interactive assistive scenario,
where the automatic system and the paleographer cooperate to generate the perfect transcription, would
reduce the time and the paleographer effort required for obtaining the final result.

In this context, the assistive transcription system proposes a hypothesis, usually derived from a
recognition process. The recognition can be unimodal (e.g., from a handwritten text image or an audio
utterance with its dictation) or multimodal (two or more signals which represent the same sequence of
words). Then, the paleographer reads it and produces a feedback signal (first error correction, position-
ing, etc.), and the system uses it to provide an alternative hypothesis, starting a new cycle. This process
is repeated until a perfect transcription is obtained.

In this chapter, we present a multimodal interactive transcription system where user feedback is
provided by means of touchscreen pen strokes, traditional keyboard, and mouse operations. The com-
bination of the main and the feedback data streams is based on the use of Confusion Networks derived
from the output of three recognition systems: two Handwritten Text Recognition systems (off-line and
on-line), and an Automatic Speech Recognition system. Off-line text recognition and speech recognition
are used to derive (by themselves or by combining their recognition results) the initial hypothesis, and
on-line text recognition is used to provide feedback. The use of the proposed multimodal interactive as-
sistive system not only reduces the required transcription effort, but it also helps to optimise the overall
performance and usability, allowing for a faster and more comfortable transcription process.

l“There cannot be a language more universal and more simple, more free from errors and obscurities, i.e. more worthy to
express the invariable relations of all natural things. [...] mathematical analysis [...] seems to be a faculty of human reason to
complement the brevity of life and the imperfection of the senses.”
Ilustration info: Buddha offers fruit to the devil, (Rashid-al-Din Hamadani, Jami’ al-tawarikh, 14th century).
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The rest of the chapter is organised as follows: Section 5.1 introduces the CATTI framework;
Section 5.2 specifies the particulars of our multimodal CATTI assistive transcription proposal; and Sec-
tion 5.3 offers the final conclusions.

5.1 Computer Assisted Transcription Overview

In the last few years, the use of natural language recognition systems has allowed us to speed up the
manual transcription of digitised documents, usually done by professional transcribers. However, state-
of-the-art natural language recognition systems are far from being perfect, and human revision is re-
quired to produce a transcription of standard quality. Therefore, once the full recognition process of
one document has finished, heavy human expert revision is required to really produce a transcription
of standard quality. Such a post-editing solution is rather inefficient and uncomfortable for the human
corrector.

In order to reduce the time and human effort required for obtaining the perfect transcription of
digitised documents, transcribers can use interactive and assistive approaches, where the transcriber
and the computer work together to obtain the perfect transcription. This is the case of Computer As-
sisted Transcription (CAT) of speech (Rodriguez et al., 2007) or handwritten text documents (Toselli
et al., 2007). For instance, the assistive framework called Computer Assisted Transcription of Text Im-
ages (CATTI) (Romero et al., 2012) provides transcribers an initial draft transcription of the handwritten
text image or speech utterance. Then, at each interaction step, the CATTI system uses the information
obtained from automatic recognition processes, and the part of the transcription (prefix) corrected and
validated by the transcriber to propose a new, hopefully better, continuation.

In the CATTI framework, the user is directly involved in the transcription process, since he/she
is responsible for validating and/or correcting the system hypothesis during the transcription process.
The system takes into account the handwritten text image and the feedback of the user in order to
improve these proposed hypotheses. The process starts when the system proposes a full transcription §
of a text line image. Then, the user reads this transcription until finding a mistake and makes a Mouse
Action (MA) m, or equivalent pointer-positioning keystrokes, to position the cursor at this point. By
doing so, the user is already providing some very useful information to the system: he is validating
a prefix p of the transcription, which is error-free and, in addition, he is signalling that the following
word e located after the cursor is incorrect. Hence, the system can already take advantage of this fact
and directly propose a new suitable suffix, i.e. a new § in which the first word is different from the
first wrong word of the previous suffix. In this way, many explicit user corrections are avoided (Romero
et al., 2009). If the new suffix § corrects the erroneous word, a new cycle starts. However, if the new
suffix has an error in the same position than the previous one, the user can make a new MA or can enter
a word v to correct the erroneous one. This last action produces a new prefix p (the previously validated
prefix followed by the new word v). Then, the system takes into account the new prefix to suggest a
new suffix and a new cycle starts. This process is repeated until a correct transcription is accepted by
the user.

Figure 5.1 illustrates an example of the CATTI process. In this example, without interaction with
a CATTI system, a user should have to correct about three errors from the original recognised hypothesis
(abadia, segun and el). Using CATTI only one explicit user-correction is necessary to get the final error-
free transcription in two CATTI iterations: the iteration 1 only needs one MA to find the correct word,
but in the iteration 2 a single MA does not succeed and the correct word needs to be typed.

The CATTI framework can be defined as a traditional natural language recognition problem -
Equation (2.1)-. In this case, in addition to the given feature sequence %, a prefix p of the transcription is
available, depending on the editing operation that the user performed to correct the erroneous text. The
editing operations considered are substitution, insertion, deletion, and rejection (Romero et al., 2012).
Therefore, the CATTI system should try to complete the transcription from this prefix p by searching
for a most likely suffix §:

§ =argmaxP($| £, p) ~ argmaxP(% | p,$)P($| p) (5.1)

se$

>

Se
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Figure 5.1: Example of CATTI operation using Mouse Actions. Starting with an initial recognised hy-
pothesis § from the text line image, the user validates its longest well-recognised prefix p, making a
Mouse Action (MA) m, and the system emits a new recognised hypothesis §. As the new hypothesis cor-
rects the erroneous word, a new cycle starts. Now, the user validates the new longest prefix p, which is
error-free, making another MA m. The system provides a new suffix § taking into account this informa-
tion. As the new suffix does not correct the mistake, the user types the correct word v, generating a new
validated prefix p. Taking into account the new prefix, the system suggests a new hypothesis §. As the
new hypothesis corrects the erroneous word, a new cycle starts. This process is repeated until the final
error-free transcription T is obtained. The underlined boldface word in the final transcription is the
only one which was corrected by the user. Note that in the iteration 2 it is needed two user interactions

(a MA and then, to type the correct word). However, the iteration 1 only needs one user interaction (one
MA).

where $ represents the set of all possibles suffixes § of p.

Equation (5.1) is very similar to Equation (2.1), being i the concatenation of p and §. The differ-
ence is that now a part of the transcription p is given. As shown in (Romero et al., 2012), this search
can be efficiently carried out using the lattices obtained during the Viterbi decoding of the whole input
signal representation £.

5.2 Multimodal Computer Assisted Transcription

Multimodal combination can be used to add additional sources of information to the CATTI process.
This is the case of the dictation of the text contents in the transcription of historical text images, where
taking into account both the handwritten text image and the speech utterance the CATTI system might
propose a better hypothesis in each interaction step. In this way, many user corrections could be avoided.

Since off-line HTR and ASR systems share most part of the recognition process (see Section 2.1),
the possibility of using the results of both systems in CATTI arises immediately. Through this multi-
modal hypotheses combination (Chapter 3), the CATTI system would take advantage from two differ-
ent data sources. Moreover, the multimodal hypotheses correction approach allows the integration of
the more ergonomic on-line HTR feedback (based on the combination technique presented in Chapter 3),
which provides CATTI with an additional source of information for correcting specific errors.

Figure 5.2 illustrates an example of the integration of the on-line HIR feedback on the CATTI
process. In this example, the initial recognised hypothesis can be derived from two different input
signals, a text line image and a speech utterance of the dictations of the contents of the text line image
to transcribe. Besides, in this case, when the MA does not correct the erroneous word, the user can
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Figure 5.2: Example of CATTI operation using on-line HTR feedback. Starting with an initial recog-
nised hypothesis § from the the input signal (a text line image, a speech utterance, or a multimodal
combination of both), the user validates its longest well-recognised prefix p, making a Mouse Action
(MA) m, and the system emits a new recognised hypothesis §. As the new suffix does not correct the
mistake, the user writes in an on-line mode the correct word t by using pen strokes, and the system
emits a new recognised hypothesis §. As the new hypothesis corrects the erroneous word, a new cycle
starts. Now, the user validates the new longest prefix p, which is error-free, making another MA m. The
system provides a new suffix § taking into account this information. Given that the new suffix does not
correct the mistake, the user writes (in on-line mode) the correct word t, and the system emits a new
recognised hypothesis §. As the new suffix does not correct the mistake, the user types the correct word
v, generating a new validated prefix p. Taking into account the new prefix, the system suggests a new
hypothesis §. As the new hypothesis corrects the erroneous word, a new cycle starts. This process is
repeated until the final error-free transcription T is obtained.

provide the correct word by using pen-strokes, and if this on-line handwriting feedback fails, the user
can type the correct word by using a keyboard.

5.2.1 Multimodal Hypotheses Combination in CATTI

Formally, in the traditional CATTI framework (Romero et al., 2012), the system uses a given feature se-
quence, Xy, representing a text image and a user validated prefix p of the transcription (Equation (5.1)).
In our multimodal proposal, in addition to £y, a sequence of feature vectors %£,,,, which represents the
speech dictation of the text image contents, is used to improve the system performance. Therefore, the
CATTI system should try to complete the validated prefix p by searching for a most likely suffix $ taking
into account both sequences of feature vectors:

§=arg n:laXP(sA | Zhtrs Rasrs P) (5.2)
3es
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Making the naive assumption that £;;, does not depend on £,,, and applying the Bayes’ rule, we
can rewrite Equation (5.2) as:

$ = argmaxP(dy, | p,9) - Plins | ) P(S|p) (5.3)

3eS

where the concatenation of p and § is w. As in conventional HTR and ASR, P(%;, | p,$) and P(£,, | B,$)
can be approximated by HMMs and P($ | p) by an n-gram language model conditioned by p. Therefore,
the search must be performed over all possible suffixes of p (Romero et al., 2012).

This suffix search can be efficiently carried out by using Word Graphs (WG) (Romero et al., 2012)
or Confusion Networks (CN) (Granell et al., 2016) obtained from the combination of the HTR and ASR
recognition outputs, i.e., the terms in Equation (5.3) are derived from a WG or CN obtained from both
modalities (more information about multimodality can be found on Chapter 3). In each interaction step,
the decoder parses the validated prefix p over the WG or CN, and then continues searching for a suffix
which maximises the posterior probability according to Equation (5.3). This process is repeated until a
complete and correct transcription of the input text image is obtained.

5.2.2 Multimodal Hypotheses Correction in CATTI

In the CATTI framework, users are repeatedly interacting with the system. Therefore, the quality and
ergonomics of the interaction process is crucial for the success of the system. Traditional peripherals like
keyboard and mouse can be used to unambiguously provide the feedback associated with the validation
and correction of the successive system predictions. Nevertheless, using more ergonomic multimodal
interfaces should result in an easier and more comfortable Human-Computer Interaction (HCI), at the
expense of a less deterministic feedback. It is important to note that the use of this more ergonomic user
interaction will produce new errors coming from the decoding of the feedback signals. Here, we will
focus on touchscreen communication, which is perhaps the most natural feedback modality for CATTI.
In this way, the user corrective feedback can be quite naturally provided by means of on-line text or pen
strokes exactly registered over the text produced by the system.

In (Romero et al., 2012), the multimodal interaction process is formulated into two steps. In the
first step, a CATTI system solves the problem presented in Equation (5.1). In the second step, the user
enters some pen-strokes, t, typically aimed at accepting or correcting parts of the suffix suggested by
the system in the previous interaction step, $, validating a prefix which is error free, p’. Then, an on-line
HTR feedback subsystem is used to decode t into a word d, taking into account § and p’.

The multimodal interaction process presented in this thesis, that we call multimodal CATTI (MM-
CATTI), differs from the previous one into two main points. On the one hand, the process is formulated
in only one step. On the other hand, both the input data and the on-line HTR feedback help each-other
to optimise the system accuracy.

Formally speaking, let £ be the input feature sequence and ¢t the on-line touchscreen pen strokes
that the user introduces to insert or substitute a word. Let p’ be the user-validated prefix of the pre-
viously suggested transcription which is error-free and e the wrong word that the user tries to correct.
Using this information, the system has to suggest a new suffix, §, as a continuation of the validated
prefix p’, conditioned by the on-line touchscreen strokes ¢ and the erroneous word e. Therefore, the
problem is to find § given £ and a feedback information composed of p’, e and t. By further considering
the decoding d as a hidden variable, we can write:

$ = argmax ZP(§, d|x,p’,te)

3eSs d (5 4)
~ argmax ZP(t |9, e,8,d,%)-P(%|pe,$,d) P3| ped)-P(d|p,e)
se$ Pl

We can now make the reasonable assumption that ¢t only depends on d and, that £ and $ do not
depend on e and, approximating the sum over all the possible decodings d of t by the dominating term,
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(a) Subnetwork combination example. (b) Subnetwork insertion example.

Figure 5.3: MM-CATTI editing actions. Ref.: <s>AGORA CUENTA LA HISTORIA </s>

Equation (5.4) can be rewritten as:

A

§~ argmaxm;xP(J? |p’,8,d)-P($|p’,d)-P(t|d)-P(d]|p’e) (5.5)

se$

The first two terms of Equation (5.5) are very similar to Equation (5.1), being p the concatenation
of p’ and d. The main difference is that now d is unknown. On the other hand, the last two terms cor-
respond to the HTR decoding of the on-line feedback, conditioned by the previously validated prefix p’
and the erroneous word e. As in conventional CATTI the probablhtles P(%|p’,8,d)and P(t | d) are mod-
elled by morphological models, whereas, P($ | p’,d) and P(d | p’,e) are modelled by using conditioned
n-gram language models.

In order to cope with the erroneous word e that follows the validated prefix, and given that this
word only affects to the decoding of ¢, P(d | p’,e) can be formulated as follows:

o(d,e)-P(d] p’)
-Pe|p’)

where (i, j) is a negative Kronecker delta (Lai et al., 2010) that is 0 when i = j and 1 otherwise.

P(d|p’,e) = (5.6)

In conventional CATTI, this decoding can be implemented easily using WG or CN. However,
given that the feedback integration in our MM-CATTI proposal is based on the combination of Confu-
sion Networks, the decoding on this proposal must be implemented using CN. In each interaction step,
the validated prefix p’ is parsed over the CN obtained from the input feature sequence (CATTI CN). This
parsing procedure will end defining a node g of the CN whose associated word sequence is p’. Then,
a CN is obtained from the on-line handwriting feedback recogniser. Assuming that the user corrects
only one word in each interaction, this on-line CN is composed by a list of words that corresponds with
the different decodings of t. This on-line CN is combined with the CATTI CN after the node q. Then,
the system continues searching for the most probable suffix, according to Equation (5.5), using this new
combined CN.

As the on-line HTR feedback is limited to one word, the on-line CN obtained is composed of
only two nodes, like a subnetwork. This on-line CN is combined or inserted into the CATTI CN at the
point that the previous parsing of the user validated prefix has defined. Therefore, two different editing
operations can be carried out to generate the new CATTI CN: combination and insertion of subnetworks:

Combination: Given two subnetworks, one from the CATTI hypotheses SNcarr; and the other from
the on-line HTR feedback SNpp, the word posterior probabilities of the combined CATTI sub-
network SNc,,,; are obtained applying a normalisation on the logarithmic interpolation of the
smoothed word posterior probabilities of both SN (SN¢ 471y and SNgp):

P(w | SNcomp) = Ps(w | SNearrr)*Ps(w | SNg)' ™ (5.7)

where the weight factor « allows us to balance the reliability between modalities, and the smooth-
ing of the word posterior probabilities is calculated according to the following equation which is
based on Laplacian smoothing:
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P(w|SN)+©
1+nO

where © is a defined granularity that represents the minimum probability for a word and # is
the number of different words in the final CATTI SN. This subnetwork combination process was
previously presented in Chapter 3.

In the example presented in Figure 5.3(a), the marked subnetwork of the CATTI CN (subnetwork
between the 3™ and 4" nodes) is selected for combination. In this case, the correct word (LA) is
not the most probable word, either in the on-line feedback subnetwork. However, it becomes the
most probable word when combining both subnetworks with a = 0.5 and © = 107, as can be seen
in the appointed subnetwork of the new CN (this combination process is explained in detail in
Figure 3.2).

Insertion: The subnetwork insertion allows us to add a word into the CATTI CN on a particular
position. This position is determined by the parsing of the validated prefix p’ that precedes the
on-line word inserted by the user in the CATTI interaction.

As an example, the on-line SN (see Figure 5.3(b)) is inserted just after the 4" node of the CATTI
CN.

P (w|SN) = (5.8)

5.3 Conclusions

This chapter presents how multimodality can be very useful on assistive transcription. Concretely,
in this work multimodal combination is applied for improving an assistive transcription tool called
Computer Assisted Transcription of Text Images (CATTI).

The main advantage of the presented approach is that the error reduction produced by mul-
timodal combination (see Part II for more information about multimodal combination) allows us to
reduce the human effort significantly when using an assistive transcription system.

The next chapter (Chapter 6) presents the experiments performed with the multimodal CATTI
approach presented in this chapter. These experiments include multimodal hypotheses combination
and multimodal hypotheses correction.
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MULTIMODAL INTERACTIVE ASSISTIVE tool, where the automatic system and the paleographer co-
operate to generate the perfect transcription, would reduce the time and the paleographer
effort required for transcribing historical handwritten documents.

In this chapter, we present the experimentation performed in a multimodal interactive transcrip-
tion system wherein user feedback can be provided by means of touchscreen pen strokes, traditional
keyboard, and mouse operations. As seen in the previous chapter (Chapter 5), the combination of the

1A thing is free when it exists by the sole necessity of its nature and it is determined to act only by itself. A thing is necessary
or rather constrained when it is determined by another thing to exist and to act according to a certain and determined law.”
Illustration info: Amulets to protect women in childbirth and newborn infants from the spirit of Lilith. (Bi-defus Stanislaus
Augustus Melekh Polin, Sefer Raziel (The Book of Raziel), 1793).
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main and the feedback data streams is based on the use of Confusion Networks derived from the out-
put of three recognition systems: two Handwritten Text Recognition systems (off-line and on-line), and
an Automatic Speech Recognition system. Off-line text recognition and speech recognition are used
to derive (by themselves or by combining their recognition results) the initial hypothesis, and on-line
text is used to provide feedback. The use of the proposed multimodal interactive assistive system not
only reduces the required transcription effort, but it also helps to optimise the overall performance and
usability. This allows for a faster and more comfortable transcription process.

Section 6.1 presents the experimental framework (data, conditions, and assessment measures);
Section 6.2 offers the results of the multimodal hypotheses combination experiments; Section 6.3 de-
scribes the results of the multimodal hypotheses correction experiments; Section 6.4 shows the results
of the multimodal hypotheses combination and multimodal hypotheses correction experiments; and
Section 6.5 draws the final conclusions and outlines the future work lines.

6.1 Experimental Framework

This section introduces the data sets, features, models, and evaluation metrics used on the experiments.
More details about these topics can be found in Chapter 2.

6.1.1 Datasets

Off-line Handwritten Text: Cristo Salvador, and Rodrigo

The two historical manuscripts (Cristo Salvador and Rodrigo (Serrano et al., 2010)) employed in the
experimentation of the previous part (see Section 4.1.1) were also used in the following off-line HTR
experiments. Section 2.8.1 presents the details about these datasets. Figure 6.1 presents two text line
samples, one for each one of these historical manuscripts.

Speech: Albayzin, Cristo Salvador, and Rodrigo

The acoustical models were trained by using a partition of the Albayzin Spanish database (Moreno et al.,
1993) presented in Section 2.8.3. Test data for ASR was the product of a controlled acquisition (see
Section 2.8.4 for more information) of the dictation of the contents of the lines contained in the test set
of both historical manuscripts.

On-line Handwritten Text: UNIPEN, Cristo Salvador, and Rodrigo

The touchscreen feedback was simulated following the process for generating synthetic samples used
in (Romero et al., 2012) with the UNIPEN Train-R01/V07 dataset. The kinematical models were trained
by using samples from 17 different UNIPEN writers. For the on-line HTR test, three different writers
were randomly chosen for testing. Character samples for each writer were selected in a number enough
to fulfil the data requirements. Data amount depends on the number of word instances to be handwrit-
ten by the user in the multimodal CATTI process. This includes Cristo Salvador and Rodrigo corpora.
The selected writers are identified by their name initials as BS, BH and BR, and Figure 6.2 presents an
example of the word “historia” for each one of them. In Section 2.8.2 more details about this corpus can
be found.

6.1.2 Features

Feature extraction in the off-line HTR case transforms a preprocessed text line image into a sequence
of 60-dimensional feature vectors (Section 2.2.2), whereas a touchscreen coordinates sequence (on-line
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Figure 6.1: Sample lines for Cristo Salvador (top) and for Rodrigo (bottom).
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Figure 6.2: Examples of the word “historia” generated by using characters from the three selected
UNIPEN test writers (BH, BR, BS).

feedback) is transformed into a new speed- and size-normalised temporal sequence of 6-dimensional
real-valued feature vectors (Section 2.2.3). In the ASR case, from each speech utterance a sequence of
39-dimensional feature vectors is extracted (Section 2.2.1).

6.1.3 Models

Optical, acoustical, and kinematical models were trained by using HTK (Young et al., 2006). In the
first place, symbols on the optical models are modelled by a continuous density left-to-right HMM with
12 and 4 states for Cristo Salvador and Rodrigo, respectively, and 32 Gaussians per state. Secondly,
phonemes on the acoustical model are modelled as a left-to-right HMM with 3 states and 64 Gaussians
per state. Finally, a variable number of states for the different on-line characters was used with 16
Gaussians per state on the kinematical model.

The lexicon models for both systems are in HTK lexicon format, where each word is modelled as
a concatenation of symbols for HTR or phonemes for ASR.

The language models (LM) were estimated directly from the transcriptions of the pages included
on the off-line HTR training sets (32 pages for Cristo Salvador, and about 205 pages for Rodrigo) by using
the SRILM ngram-count tool (Stolcke, 2002). The same language models used in the experiments of the
previous part (see Section 4.1.3) were used in the following experiments. Nevertheless, in addition to
the open vocabulary language model for Rodrigo, for the second experiment (Section 6.3) this language
model was interpolated with the whole lexicon for obtaining a closed vocabulary language model.

6.1.4 Evaluation Metrics

Different evaluation measures have been adopted. On the one hand, the quality of the recognition
(post-edition approach) is given by the well known Word Error Rate (WER), and oracle WER to assess
the quality of the obtained lattices. On the other hand, the CATTI performance is given by the Word
Stroke Ratio (WSR), and the relative difference between them gives us a good estimation of the reduction
in human effort (EFR). Finally, the classification Error Rate (ER) was used to assess the recognition
quality of the on-line HTR feedback. For each measure, confidence intervals of 95% were calculated,
and p-values were obtained to confirm the statistical significance with the significance threshold set at
a =0.025. In Section 2.7 the details of these evaluation measures can be found.

6.1.5 Experimental Setup

The three recognition systems were implemented by using the iATROS recogniser (Lujan-Mares et al.,
2008). The SRILM toolkit (Stolcke, 2002) was used for all processes on language models, and for ob-
taining CN from the WG of the decoding outputs.
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In order to optimise the experiments results, the values of the main decoding variables were
tuned, and set to the values presented on the bottom half of Table 4.1.

6.2 Experiment 1: Multimodal Hypotheses Combination

Multimodal hypotheses combination allows us to enrich the CATTI hypotheses from different sources of
information (in this case, off-line HTR and ASR decoding results). Several experiments were performed
in order to test our multimodal proposal by using two different handwritten text datasets (Cristo Sal-
vador and Rodrigo). Moreover, the performance of this multimodal proposal was tested by using four
different combination techniques (ROVER, N-best ROVER, Lattices Rescoring, and our CN Combina-
tion proposal). In Chapter 3, more information about combination of natural language recognition
systems can be found.

For both off-line HTR corpora, the unimodal post-edition baseline values were obtained. Next,
the classical unimodal CATTI was tested. Then, both modalities (off-line HTR and ASR) were combined
by using the different combination techniques. Post-edition values in all these cases are those presented
in Section 4.5. Finally, the new multimodal CATTI proposal was tested.

In the CATTI experiments, the limit of mouse actions was set to 3. In the multimodal combi-
nation both modalities were equally weighted. Therefore, the different combination parameters were:
frequency of occurrence voting scheme for ROVER (since the multimodal combination is performed
without training), uniform weights (1 = 1 and u = 0.5) for N-best ROVER, and combination weight of
0.5 for the Lattices Rescoring and CN Combination techniques.

6.2.1 Experiments with Cristo Salvador

Table 6.1: Cristo Salvador experimental results. The relative human effort reduction (EFR) represents
the relative difference between the obtained CATTI WSR over the unimodal off-line HTR post-edition
WER value (32.9% =+ 6.8). Best results are highlighted in boldface.

. Post-edition CATTI
Experiment
WER Oracle WER WSR EFR
Unimodal Baseline off-line HTR 32.9%+6.8 27.5%+6.4 30.2%+6.4 8.2%
Baseline ASR 43.3% +3.4 27.4%+2.2 351%=+3.5 —-6.7%
ROVER 32.7% +2.9 32.7%+29 328%+2.6 0.3%
Multimodal N-best ROVER 33.3%+2.9 33.3%+29 35.9%+26 -9.1%
Lattices Rescoring 31.3%+2.6 10.3%+1.7 13.7%+2.0 58.4%
Proposed CNC 29.3%+2.5 13.4%+2.1 14.1%+2.2 57.1%

Table 6.1 presents the obtained experimental results for the Cristo Salvador corpus. As can be
observed in the unimodal post-edition results, speech recognition does not seem to be a good substitute
for handwriting recognition in this task. However, the ASR oracle WER value is similar to the HTR
oracle WER.

Regarding the unimodal CATTI results presented in the top-right part of the table, the estimated
interactive human effort (WSR) required for obtaining the perfect transcription from the off-line HTR
decoding represents 8.2% of relative effort reduction (EFR) over the HTR baseline WER. However, no
effort reduction can be considered when only ASR is used at the input of the CATTI system.

As expected, in the multimodal experiments the use of lattices in the combination (used by Lat-
tices Rescoring and our proposed CN Combination) allows us to obtain better post-edition results. The
best result was obtained by using the CN Combination method with a 29.3% + 2.5 of WER, which rep-
resents a relative improvement over the off-line HTR baseline WER (32.9% =+ 6.8) of 10.9%. The best

78



Chapter 6. Interactivity Experimental Results

oracle WER (10.3%) was obtained by using the Lattices Rescoring method. Results show that WER im-
provements are not significant (p = .413) with respect to off-line HTR baseline WER, but the oracle WER
values are statistically significant lower (p <.001) in the case of lattice combination methods. There-
fore, an outstanding effect of multimodal lattices combination in interactive transcription systems can
be expected, since this low oracle WER is related to the amount and quality of the alternatives offered
by the combination technique (the lower the oracle WER, the more and better alternatives).

Regarding the obtained results in the multimodal CATTI experiments, the use of the ROVER
and N-best ROVER combination methods produce worse results -although differences are not statis-
tically significant (p > .900)- when comparing with the unimodal off-line HTR CATTI baseline WSR
(30.2% + 6.4). In contrast, as expected because of their low oracle WER, the values obtained by the
CN Combination and Lattices Rescoring methods not only represent improvements, but these improve-
ments are also statistically significant (p <.001). Concretely, the overall best result (13.7% + 2.0) was
achieved by using the Lattices Rescoring method and it represents a relative improvement of 54.6% over
the unimodal off-line HTR CATTI WSR, and an EFR of 58.4% over the unimodal off-line HTR baseline
WER.

6.2.2 Experiments with Rodrigo

Table 6.2: Rodrigo experimental results. The relative human effort reduction (EFR) represents the
relative difference between the obtained CATTI WSR over the unimodal off-line HTR post-edition WER
value (39.3% +4.1). Best results are highlighted in boldface.

Post-edition CATTI
WER Oracle WER WSR EFR

Experiment

Baseline off-line HTR 39.3% +4.1 28.0%+3.0 36.2%+3.6 7.9%

Unimodal b line ASR 62.9%+2.2 29.5%+1.6 47.2%+2.3 —20.1%
ROVER 44.9%+1.8 44.9%+1.8 44.8%+1.7 —14.0%
Multimoda] N-best ROVER 38.4%+1.8 38.4%+1.8 41.0%+1.8 —4.3%
Lattices Rescoring 37.2%+1.7 10.6%+0.9 25.2%+1.6 359%
Proposed CNC 35.9%+1.6 14.8%+1.0 27.0%+1.8 31.3%

The same procedure was followed with this corpus. In Table 6.2 the obtained experimental results
are shown. With the post-edition experiments, we confirmed that speech recognition is not a good
substitute for historical handwriting recognition. However, as happened with Cristo Salvador, for this
corpus both modalities also present similar oracle WER values.

The obtained WSR value (36.2% + 3.6) in the unimodal off-line HTR CATTI experiment repre-
sents a relative effort reduction of 7.9% over the Rodrigo unimodal off-line HTR baseline (39.3% + 4.1).
Nevertheless, in the unimodal ASR CATTI experiment, no effort reduction can be considered from the
obtained results.

Regarding the multimodal results, in post-edition all techniques present similar performances,
except ROVER, which yields a statistically significantly worse result. However, in the CATTI exper-
iments, Lattices Rescoring and CN Combination methods presented significantly better results than
ROVER and N-best ROVER, which is in consonance with their oracle WER results.

In the post-edition experiments, the best result (35.9% + 1.6) was obtained by using the CN Com-
bination method, and it represents 8.7% relative improvement (p =.094) over the off-line HTR baseline
WER (39.3% + 4.1). Meanwhile, the Lattices Rescoring method allowed to obtain the best oracle WER
(10.6%+0.9), representing 62.1% of statistically significant (p <.001) improvement over the oracle WER
baseline (28.0% + 3.0).

On the other hand, the use of the ROVER and N-best ROVER combination methods on the mul-
timodal CATTI does not improve the unimodal off-line HTR baseline WSR (36.2% + 3.6). However, the
CN Combination and Lattices Rescoring combination methods allow us to obtain statistically significant
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(p <.001) improvements with an EFR higher than 30% over the off-line HTR baseline WER. The Lattices
Rescoring combination method allowed us to obtain the overall best WSR result, specifically 25.2%+1.6
of WSR, which represents a statistically significant (p <.001) relative improvement of 30.4% over the
unimodal off-line HTR baseline WSR.

6.3 Experiment 2: Multimodal Hypotheses Correction

Several experiments were performed to assess the multimodal CATTI (MM-CATTI) approach presented
in Section 5.2.2. Multimodal interaction offers ergonomy and increased usability at the expense of the
system having to deal with non-deterministic feedback signals. Therefore, the main concern here is how
much on-line HTR feedback decoding accuracy can be boosted by the combination of both off-line and
on-line handwritten text recognition.

This experiment was performed using the Rodrigo corpus with open and closed vocabulary lan-
guage models. The limit of mouse actions was set to 3, and for the multimodal subnetwork combination,
a weight factor of @ = 0.5 and a granularity factor of ® = 107 were used. As a first step, the non inter-
active off-line HTR baseline was obtained by using open and closed vocabulary. As a second step, the
CATTI approach was applied. Next, the on-line HTR baseline result was obtained by decoding only the
words that the user must introduce during the CATTI process (154 in the open vocabulary task and 146
in the closed vocabulary). Finally, the new MM-CATTI proposal was tested.

6.3.1 Off-line and On-line HTR Results

Table 6.3: Off-line HTR baseline results for Rodrigo.

Vocabulary WER Oracle WER

Open 39.3% +4.1 28.0%+3.1
Closed 37.0%+3.8 27.4%+3.6

Table 6.3 presents the WER and the oracle WER obtained during the conventional,
non-interactive off-line HTR experiments performed on the Rodrigo dataset.

Table 6.4: On-line HTR baseline results for Rodrigo.

Vocabulary Words ERy ERy,

Open 154 28.8%+3.4 24.9%+3.3
Closed 146 12.3%+2.7 8.4%=+2.2

Table 6.4 shows the writer average on-line HTR feedback decoding error rates for closed and open
vocabulary. The column ERy, is the baseline defined in Section 5.2.2, which corresponds with the two-
steps approach presented in (Romero et al., 2012). The column ER, corresponds with the accuracy of
the multimodal approach presented here (Equation (5.5)), wherein both modalities are combined using
CN. As can be observed, feedback decoding accuracy increases when both the main and the feedback
data help each other, although differences are not statistically significant (p >.300).

6.3.2 CATTI and Multimodal CATTI Results

Table 6.5 shows the estimated interactive human effort (WSR) required for obtaining the perfect tran-
scription and the corresponding estimated effort reduction (EFR) when compared with post-edition
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Table 6.5: CATTI results for Rodrigo.

Vocabulary WSR EFR

Open 36.2%+3.5 7.9%
Closed  33.5%%3.8 9.5%

effort (off-line HTR baseline WER). Note that the WSR obtained by CATTI is limited by the off-line HTR
oracle WER (Table 6.3). The obtained WSR in both experiments (open and closed vocabulary), repre-
sents a minimum EFR of 7.9%.

Table 6.6: Multimodal CATTI results for Rodrigo.

WSR
Vocabulary EFR
Deletions TS KBD Global

Open 1.8%+0.5 29.9%+2.0 74%=+1.2 37.3%+2.6 51%
Closed 1.8%+0.5 28.4%+21 2.3%+0.6 30.7%+24 17.0%

In Table 6.6 the MM-CATTI results are presented. In this case, the estimated interactive human
effort (WSR) is decomposed into the percentage of deleted words, the percentage of words written with
the on-line HTR feedback -TouchScreen (TS)-, and the percentage of those words for which the correction
with the on-line HTR feedback failed and the corrections had to be entered by means of the keyboard
(KBD), i.e., in MM-CATTI the WSR is calculated under the assumptions that the deletion of words
have no cost, and that the cost of keyboard-correcting an erroneous on-line feedback word is similar to
another on-line HTR interaction. This is a pessimistic assumption, since interaction through touchscreen
is more ergonomic than through keyboard. Despite the presence of 6.2% of OOV words, 5.1% of EFR
was obtained. On the other hand, without OOV words the EFR reached 17.0%. According to these
results, the expected user effort for the more ergonomic and user preferred touchscreen based MM-
CATTI is only moderately higher than that of CATTI for the open vocabulary experiments.

6.4 Experiment 3: Multimodal Hypotheses Combination and Cor-
rection

The next experiments were performed to assess our multimodal proposals for improving the assistive
transcription system presented in the previous chapter (Chapter 5) on the Cristo Salvador corpus. In the
CATTI and MM-CATTI experiments, the limit of mouse actions was set to 5, and for the multimodal
combination, a weight factor of a = 0.5 and a granularity factor of ® = 10~ were used.

We started obtaining the non interactive post-edition baseline, for the off-line HTR, for the ASR,
and for the multimodal combination of both unimodal recognition systems by using our CN combina-
tion proposal (see Chapter 3). Then, the CATTI and the multimodal CATTI (MM-CATTI) approaches
were applied to the three input possibilities formatted as CN, two unimodal (off-line HTR and ASR),
and one multimodal (off-line HTR combined with ASR).

6.4.1 Post-Edition Baseline Results

In Table 6.7 the baseline results are presented. This table shows the WER and the oracle WER presented
by the CN obtained during the conventional, non-interactive experiments performed on the Cristo Sal-
vador dataset. This values are similar to those presented in Section 4.5 and Section 6.2.1. As can be
observed in the post-edition results, the off-line HTR decoding output presents 32.9% + 6.4 of WER with
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Table 6.7: Post-edition experimental results for Cristo Salvador.

Modality WER Oracle WER
Off-line HTR 32.9%+6.4 27.5%+6.4
ASR 43.7%+3.3 27.4%+2.2

Multimodal 29.3% +2.5 13.4% +2.1

an oracle WER value of 27.5% + 6.4. Regarding the ASR obtained results, speech recognition does not
seems to be a good substitute for handwriting recognition in this task, although both modalities present
similar oracle WER values. Given that these unimodal oracle WER values are not significantly better
than the off-line HTR baseline WER value, a significant effort reduction produced by the CATTI and
MM-CATTI systems can not be expected.

However, the multimodal combination of both sources allows us to reduce the WER value to
29.3% + 2.5, which represents a relative improvement (p =.413) of 10.9% over the off-line HTR baseline,
and 33.0% over the ASR baseline (p =.002). One of the best advantages of the multimodal combination
is that not only the best hypothesis is improved, but also the rest of hypotheses. This fact can be observed
through the oracle WER of this multimodal combination (13.4% + 2.1), which is significantly (p <.001)
reduced given the two unimodal sources. Given that the oracle WER represents the WER of the best
hypothesis that can be achieved, a significant beneficial effect on interactive systems can be expected.

6.4.2 CATTI Results

Table 6.8: CATTI experimental results for Cristo Salvador.

CATTI Input WSR EFR
Off-line HTR 31.1%+6.0 5.5%
ASR 31.6%+3.1 4.0%

Multimodal 12.9%+2.1 60.8%

Table 6.8 presents the estimated interactive human effort (WSR) required for obtaining the perfect
transcription using the interactive CATTI approach for the three different input possibilities. Notice that
these results differ from those presented in Table 6.1, because here the input lattices were formatted as
CN (and not as WG) since this format is necessary for the hypothesis correction (see Section 5.2.2).
As expected, the obtained WSR for the unimodal inputs represents a slight effort reduction (EFR) of
around 5% with respect to the off-line HTR baseline. However, in the case of the multimodal input
the WSR reaches 12.9% + 2.1, which represents a significant (p < .001) effort reduction of 60.8% over
the off-line HTR baseline (32.9% * 6.4). Notice that, in the multimodal case, the obtained WSR value
is a bit lower than the oracle WER value (13.4% =+ 2.1); this is possible because the presented CATTI
approach, by means of mouse actions, allows to reduce the number of words explicitly corrected by
the user. Therefore, in this case the CATTI approach not only offers the best hypothesis contained in
the multimodal lattices, but it improves the oracle WER value deleting several erroneous words of this
hypothesis.

6.4.3 Multimodal CATTI Results

In MM-CATTI, the on-line HTR feedback results (see Table 6.9) were obtained by decoding only the
words that the user must introduce during the MM-CATTI process (on the mean, 57.7 words when the
input was the unimodal off-line HTR, 70.4 words when the input was the unimodal ASR, and 23.9 words
when the input was multimodal).

The on-line HTR feedback presented moderated writer average decoding error rates (ERy). As
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Table 6.9: On-line HTR feedback results for Cristo Salvador.

On-line HTR
Words ERy ERy,

MM-CATTI Input

Off-lineHTR  57.7 7.0%+3.2 25.8%+5.4
ASR 704 3.6%+0.9 11.0%+0.7
Multimodal 239 87%+24 121%=+1.4

presented in Table 6.9, the more words are decoded, the better the decoding error rates. This is due
to the fact that the MM-CATTI input with worst hypotheses (ASR) needs the on-line HTR feedback to
correct easier words (so there is less error), while the input with better hypotheses (Multimodal) needs
the on-line HTR feedback to correct more difficult words (biggest mistake in proportion, although the
overall number of words to correct is lower). In this case, the multimodal integration of the on-line
feedback in the MM-CATTI (ERy,) did not produce any improvement with respect to ERy,.

Table 6.10: Multimodal CATTI experimental results.

WSR

MM-CATTI Input - EFR
Deletions TS KBD Global

Off-line HTR  5.5%+2.6 26.0%+55 6.7%+3.2 32.7%=+7.2 0.6%

ASR 51%+1.0 31.6%+3.4 3.5%+1.1 351%+4.0 -6.7%

Multimodal 1.9%+0.8 10.7%+1.8 1.3%+0.6 12.0%+2.1 63.5%

In Table 6.10 the MM-CATTI results are presented. In this case, the WSR is calculated under
the assumptions that the deletion of words have no cost, and that the cost of keyboard-correcting an
erroneous on-line feedback word is similar to another on-line HTR interaction. Therefore, the WSR
correspond with the percentage of words written with the on-line HTR feedback (TS) and the percentage
of words corrected by means of the keyboard (KBD). Despite the observed ER, results in the previous
table (Table 6.9), the multimodal combination of the on-line feedback with the MM-CATTI hypotheses
allowed us to reduce significantly the amount of words that are required to be corrected by using the
keyboard. In the unimodal input experiments, only 6.7% of words for off-line HTR and 3.5% for ASR
were corrected by using the keyboard, only a slight EFR was obtained for off-line HTR, and none for
the ASR case. However, with the multimodal input a 12.0% of WSR was obtained, which represents a
significant (p <.001) EFR of 63.5% with respect to the off-line HTR baseline (32.9% + 6.4).

According to these results, in MM-CATTI most of the user effort is concentrated in the more
ergonomic and user preferred touchscreen feedback. Moreover, the overall user effort in MM-CATTI
can be lower than that of CATTI when the input presents a low oracle WER value (EFR of 63.5% instead
of 60.8%).

6.5 Conclusions and Future Work

In this chapter, we have presented how the use of Confusion Networks Combination allows to
improve the interaction (by using on-line touch-screen handwritten pen strokes) in an multimodal in-
teractive transcription system (MM-CATTI) presented in previous works (Romero et al., 2012). The
main advantage of the presented approach is that the multimodal combination allows us to correct er-
rors on the MM-CATTI hypothesis by using the information provided by the on-line handwritten text
introduced by the user.

The obtained results show the benefits of using speech as an additional source of information for
the transcription of historical manuscripts. Moreover, the use of the more ergonomic feedback (on-line
HTR) modality usually comes at the cost of only a reasonably small number of additional interaction
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steps needed to correct the few feedback decoding errors. In fact, when the input presents a low oracle
WER, the use of the on-line HTR feedback modality can even produce an additional reduction of the
required human effort for obtaining the actual transcription.

Our future works aim at using speech also as a feedback modality. Besides, the MM-CATTI system
can be improved by taking advantage of the real samples that are produced while the system is used for
adapting the natural language recognition systems (on-line HTR and ASR) to the user. Eventually, this
approach will be opened to be tested with other corpora.

Finally, until now we have considered that the acquisition of the speech samples does not re-
quire any effort for the palaecographer. However, the speech acquisition of a historical manuscript can
represent an important extra cost if a single palaeographer should do so. This effort can be avoided,
or rather distributed among different collaborators, thanks to an external speech acquisition through a
multimodal crowdsourcing platform as the proposed in the next part (Part IV).
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CROWDSOURCING

“~ What are your thoughts on constant connectivity and its effect on mankind?
- We are all now connected by the Internet, like neurones in a giant brain. [... ]
Now anyone anywhere in the world can react immediately to new work.
Science has become more inclusive.”

Stephen Hawking, USA Today (2014-12-02).
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The Vitruvian Man. (Leonardo da Vinci, Le proporzioni del

S

corpo umano secondo Vitruvio, 1487)
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“- Agnes: Will you read us a bedtime story?
- Gru:  [reluctantly] No.
- Agnes: But we can’t go to sleep without a bedtime story. —
- Gru:  Well then it’s going to be a long night for you, isn’t it? So good mght sleep tight and,
don’t let the bed bugs bite. Because... there are literally thousands of then A g
[beats, then whispers sinisterly] Oh, and there’s probably something in your closew Pl
[closes the door and chuckles] MM __J A

- Margo: [referring to Gru] He’s just kidding, Agnes.” !
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OST CROWDSOURCING PLATFORMS FOR DOCUMENT TRANSCRIPTION ~ (such as the presented
in Section 2.6) make users employ the keyboard for providing the transcription. This poses
a severe limitation on the kind of devices that can be used in the collaboration: only desktop

or laptop computers seem suitable for those platforms. Although mobile devices (tablets and

smartphones) admit keyboard input by using their virtual keyboard, the lack of ergonomics makes the
transcription task a frustrating experience. Consequently, the range of volunteers gets constrained by
this limitation.

As an alternative, volunteers could employ voice as input for transcription. Nearly all mobile
devices provide this modality, which widens the range of population and situations where collabora-
tion can be performed. The main drawback is that the audio transcription, usually obtained by ASR
systems (Rabiner and Juang, 1993), presents an ambiguity not present in typed input. Even the state-
of-the-art techniques (Hinton et al., 2012), although more accurate than a few years ago, produce a

Illustration info: Drawing of a bed bug infestation (Johann Priiss, Ortus sanitatis, 1499).
IThis is a funny situation, until the day that you feel the effects of their bite on your skin, and you wake up surrounded of
bed bugs. It seems that this insect has been fed by human blood from the prehistory (Potter, 2011). This bug was an important
nuisance in the middle ages, and nowadays in the times of Deep Learning and Mars exploration this little bug not only is still here

but also is becoming more resistant to insecticides (Morand, 2014). So, remember: Don’t let the bed bugs bite. Because, there are
LITERALLY thousands of them!
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considerable amount of errors in the recognition process, which makes it necessary to obtain a balance
between the amount of collaborations and the quality they provide.

In any case, the need for final supervision by a paleographer enables the possibility that, although
not perfect, voice inputs combined with HTR provide an initial draft transcription more accurate than
that given only by HTR. This fact was confirmed with the statistically significantly improvements ob-
tained in the experiments performed for the previous parts of this thesis, multimodal transcription
(Chapter 4), and multimodal interactive transcription (Chapter 6). Thus, the employment of speech
collaborations will allow us to significantly reduce the final transcription effort.

This chapter explores how a crowdsourcing framework that allows for text line dictations acqui-
sition could decrease the transcription effort. The framework is based on the use of multimodal recog-
nition, both employing and combining HTR and ASR results, to improve the final transcription that
is going to be offered to the paleographer. The multimodal recognition approach is based on language
model interpolation (Bellegarda, 2004) and Confusion Network combination (Xue and Zhao, 2005) tech-
niques. The crowdsourcing platform was implemented by using a client-server architecture. The client
is a mobile application that allows speech acquisition and the server part performs the recognition and
combination operations.

The rest of this chapter is structured as follows: Section 7.1 presents the details on the proposed
multimodal crowdsourcing framework, and Section 7.2 summarises the conclusions.

7.1 Multimodal Crowdsourcing Framework

In the proposed crowdsourcing framework, the main objective is, given a text image and different dicta-
tions (usually from different speakers) of that text, to obtain a final transcription with the lowest number
of errors. This transcription will be provided to a paleographer to obtain the final quality transcription
with the lowest effort.

The framework is mainly based on two ideas: using the current system output to obtain an
adapted language model that can be employed in the next decoding step (Alabau et al., 2011), and com-
bining the decoding outputs of the two modalities (more information about multimodal combination
can be found on Chapter 3) to obtain a final output with less errors (Granell and Martinez-Hinarejos,
2015).

Apart from that, the framework includes a speech reliability verification module that may ex-
clude utterances that are considered of insufficient quality. This takes into account that volunteers may
experience difficulties when dictating historical text (hesitations in some ancient words, word misses,
inconvenient pauses, etc.). Using a similar idea, and with the aim of reducing the collaborator’s effort, a
line selection module is incorporated to select lines whose transcription have a low reliability. The aim
is to obtain more speech samples for those lines than for other lines. It is supposed that this strategy
would allow us to improve the global results on the whole set of lines to be transcribed.

Figure 7.1 presents the working diagram of this multimodal crowdsourcing system. The opera-
tion is as follows:

1. The initial system output is given by the HTR decoding.
2. When a collaborator offers to help, the crowdsourcing loop starts:
(a) Inthelanguage model (LM) interpolation module, the previous system output is interpolated
with the original LM, giving an improved language model for the next ASR decoding.
(b) The reliability of the system output is evaluated and the lines are selected by its reliability
(in increasing order); thus, the collaborator is asked to read only a subset of lines with the
lowest reliability.
(c) The collaborator speech is decoded in the ASR module using the improved language model.
(d) The reliability of the obtained ASR output is verified and filtered, i.e., only those utterances
which reach a minimum reliability value are given as output by the reliability verification
module.

88



Chapter 7. Crowdsourcing

Handwritten text images

Initialisation Post-Edition system

it e ordout. e Moresn o Gher o Don Reaibyps Vst

Initial system output
emprrn S efpenife A @ foin 2T ez T —»-

Tees Audns oL fumanal® Bydfe Botdio 2 ftyendh. € Amdons

Collaborator speech signal T o

L U L S L T ASR Reliability ASRoutput | Multimodal System
: verification combination | : output Agora cuenta a historia
Language T
: guag Previous
: . model
: LM for ASR decoding . . system output
: interpolation
A

Original LM

Text lines to read [ - R
]
| Lines selection

Figure 7.1: Multimodal crowdsourcing transcription framework.

(e) The multimodal combination module produces the new system output by combining the
previous system output and this verified ASR output.

3. Every time a new collaborator offers to help, the crowdsourcing loop is executed and the system
output is improved by using the new audio samples.

The following subsections describe in detail, including the presentation of some examples, the
different modules of the framework.

7.1.1 Language Model Interpolation

Decoding outputs from HTR and ASR processes can be obtained in rich formats that provide several
alternatives in the form of lattices. Two usual forms of representing lattices are Word Graphs (WG) and

Confusion Networks (CN). In Section 2.4.2 more information about the recognition output formats can
be found.

The language model interpolation module builds a statistical language model conditioned on a
sample % as follows (Alabau et al., 2011):

1. The decoding lattices for £ are formatted as WG.

2. The posterior probabilities for each WG node (P(q | £)) and link (P(I | X)) are computed by using
the forward a(g) and backward f(q) probabilities of the nodes (Wessel et al., 2001).

3. The counts for a word sequence wZ w1 = (Wisps1,...,w;) are estimated as:

[T Pl | %)
Cr Wi, 1%)= ’ NZ T P(s(le) [ %) o

i— n+1

where N(w A; .+1) are all the sequences of concatenated links that generate w g _p41- Figure 7.2
presents some of the word sequences (n-grams) and weighted counts that could be obtained from
a WG as the one presented in Figure 2.9.

4. The word posterior probabilities associated to the current input £ can be calculated from these
counts. Prior to that, a discount method (for back-off estimation), a smoothing method -to avoid
the Out Of Vocabulary (OOV) problem-, and a proper normalisation are applied. The final esti-
mation follows:

(7.2)
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N-gram C(@i_q 1%)
<s>AGORA 0.999797
AGORA 0.999797
AGORA CUENTA 0.999797
AGORA CUETA 4.75237e-197
CUENTA EL 1.25754e-32
CUENTA LA 0.999797
HISTO </s> 1.25754e-32
HISTORIA 0.999797
HISTORIA </s> 0.999797
LA HISTORIA 0.999797

LABRADORES </s>  4.75104e-197

Figure 7.2: Some weighted word sequence counts C*(w;_,,, | X) estimated from the Word Graph in
Figure 2.9.

N-gram logP’e(u?) log P(w) logP’j(If/)

AGORA -0.6989701 -2.864318 -0.9970424
<s>AGORA -0.3010741 -2.427961 -0.5988735
AGORA ABRACAN - -2.835677 -3.136707
AGORA CUENTA -0.3010741  -0.6985934  -0.4558558
AGORA CUETA - -2.835677 -3.136707
HISTORIA -0.6989701 -3.969872 -0.9997674
HISTORIAS -10.74464 -4.056476 -4.357506
DE HISTORIAS - -4.235704 -4.536734
HISTORIA </s> -0.3010741 -0.571207 -0.4154676
HISTORIA A - -1.18019 -1.48122

HISTORIA DE - -0.4723006  -0.7733306
LA HISTORIA -0.3010741 -1.468681 -0.5735402
LAS HISTORIAS - -1.983436 -2.284466
MUCHAS HISTORIAS - -2.842337 -3.143367

QUE HISTORIAS - -3.912265 -4.213295

Figure 7.3: Example of language model interpolation from the counts in Figure 7.2 by using A = 0.5
and a smoothing factor of 1719, The probabilities are in log domain.

5. The new conditioned language model P*(w) is linearly interpolated with the original language
model P(w) by using a weight factor A:

PA(w) = APX (@) + (1 - 1)P(wD) (7.3)

The weight factor A balances the reliability in the interpolation between the language model
estimated from the previous system output and the original one. Figure 7.3 presents an example in
which a general language model is refined according to the n-grams presented in Figure 7.2 (by using
A = 0.5 and a smoothing factor of 1071?). As can be observed, the probability of the n-grams that allow
to obtain the correct transcription is increased in the new language model. This shows that through this
interpolation the knowledge acquired in form of lattices can be used for the next decoding processes.

7.1.2 Multimodal Combination

The multimodal combination employs Confusion Networks (CN) to combine the ASR decoding output
with the previous system output. Specifically, this framework employs the bimodal Confusion Network
combination method defined in Section 3.3.

7.1.3 Reliability Verification

As seen in Section 2.7.4, when the recognition scores of a fairly large n-best list can be re-normalised to
sum up to 1, the re-normalised joint probability P(X, ) of the obtained best hypothesis can be used as
a good confidence measure, since it is a measure of the match between % and @ (Rueber, 1997; Wessel
et al., 2001).
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N-best P(%,w)
<s>Y PEQUENOS </s> 75.1%
<s>Y NUEUE ANOS </s> 25.8%
<s>Y VEINTE ANOS </s> 12.5%
<s>Y SIETE ANOS </s> 12.5%
<s>Y DE DUENAS </s> 3.4%

Figure 7.4: Example of n-best list with their corresponding joint probabilities. This n-best list presents
a reliability factor of R = 58.1%.

Therefore, the reliability verification module employs the re-normalised 1-best joint probability:

maxP(%,)
L PR D) 74

weW

where W denotes the set of all permissible sentences in the evaluated decoding output. As an example
of this confidence measure calculation, the small n-best list showed in Figure 7.4 presents a reliability
factor of R =58.1%.

For every ASR decoding of a collaborator utterance, this module is applied in order to assess if
the utterance is incorporated into the combination process. Only when the value of R is higher than
a threshold value 7, the decoding of the utterance is used in the multimodal combination and a new
system output is computed.

7.1.4 Lines Selection

Given that collaborators are a scarce resource, their efforts must be optimised. This can be seen as ob-
taining the maximum benefit, i.e., the highest possible number of lines improved by their collaboration
for a given amount of collaborations.

Consequently, since there are lines where the current system output presents more reliability
than the other, it can be supposed that those low reliability lines are more susceptible to be improved
by collaborators utterances than the other.

Therefore, it is necessary to select the subset of lines that would be offered to the collaborator
according to their current reliability. This is the role of the lines selection module, that acts as follows:

1. The current system output (total set of lines to be transcribed) is evaluated by using the re-
normalised 1-best joint probability (R, Equation (7.4) and example in Figure 7.4), giving an es-
timation of the confidence of the current transcription for each one of the text line images to
transcribe.

2. The lines are ranked according to their estimated confidence value R.

The system selects the subset of B (batch size) lines with the lowest confidence.

4. The collaborator is asked to read only the selected lines.

»

With this policy, each collaborator would dictate the subset of lines that, according to their relia-
bility, would potentially have improvement when included with speech dictation. The number of lines
given by the batch size B is important as well, since it determines the effort of a collaborator for an
acquisition session.

7.1.5 Client Application for Speech Acquisition

In the proposed multimodal crowdsourcing framework, collaborators interact with the system through
a client application installed on their own mobile devices. In this way, when a collaborator offers to
help, the subset of B lines with the lowest confidence is loaded into the client application. Given that
speech acquisition is a very expensive and time consuming process (Hughes et al., 2010), the client
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application allows collaborators to dictate the contents of the text images in an off-line mode. Therefore,
collaborators are free to decide when and where to collaborate.

Although there are commercial applications and platforms to collect speech utterances, such as
Mechanical-Turk (Lane et al., 2010), at the moment this work was performed, we have not found
any useful free software application.  Therefore, we developed a client application called
Read4SpeechExperiments (Granell and Martinez-Hinarejos, 2016) for acquiring speech samples from
mobile devices (See Section 2.8.4 for more details about the performed speech acquisition from mobile
devices).

The main features of Read4SpeechExperiments are the following:

* The text to read can be presented as plain text, as images, or as images and a text guide of reading.

* The speech utterances can be recorded either by using the internal or an external microphone.

* The recorded speech utterances can be shared through any communication application available
on the mobile device (such as traditional e-mail).

* A handsfree mode allows the speech acquisition in those environments where speakers can not
have the mobile device on their hands (for instance, driving a vehicle).

Read4SpeechExperiments is developed for mobile devices with the Android operating system, it
can be installed easily from the Google Play* and F-Droid® platforms. Moreover, the source code is
publicly available in a GitLab* repository with a GPLv3 license. More information about this application
can be found in (Granell and Martinez-Hinarejos, 2016).

7.2 Conclusions

This chapter presents a multimodal crowdsourcing framework for the transcription of historical hand-
written documents, wherein volunteers may employ voice as input for transcription. This framework
is based on the iterative refinement of the language model, and on the combination of decoding out-
puts. The client application permits collaborators to decide when and where to collaborate. On the
other hand, the lines selection module on the server application analyses the transcription reliability
of the handwritten text lines to transcribe at the system output, and selects the set of lines with lower
reliability to be presented to the collaborators. This two characteristics allow one to obtain more col-
laborations and, at the same time, to focus the collaboration effort to the lines whose transcription need
more refinement.

The performed experiments on the behaviour of the proposed framework are presented in the
next chapter (Chapter 8). These experiments include an initial experimentation using speech samples
acquired on the laboratory under our supervision, and a real volunteers-based experiment using speech
samples acquired by using mobiles devices without our supervision. Moreover, some experiments were
performed to study how to optimise the collaborators effort in terms of number of collaborations, in-
cluding how many lines and which lines should be selected for the speech dictation.
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“It’s still magic even if you know how it’s done.”

Terry Pratchett, A Hat Full of Sky, 2004.
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N CROWDSOURCING PLATFORMS, users generally employ keyboard input to provide transcription.
This limits the use of crowdsourcing platforms to desktop or laptop computers, losing the po-
tential transcription capability that could be provided by the use of mobile devices (tablets and

smartphones), where keyboard input is not ergonomic enough to make its intensive use attractive. As an

alternative to that, volunteers could employ voice as input for transcription. This modality is available
in nearly all mobile devices, and would allow a researcher to obtain a larger number of volunteers.

This chapter studies how to employ multimodal recognition (combining HTR and ASR) in the
crowdsourcing platform presented in the previous chapter (Chapter 7) where volunteer speakers dictate
the transcription of a historical handwritten text image. The framework is based on techniques of
language model interpolation (Alabau et al., 2014) and Confusion Network combination (Granell and
Martinez-Hinarejos, 2015), that allow the fusion of multimodal natural language recognition decoding
outputs in a single transcription hypothesis.

In an initial experimentation using speech utterances acquired on the laboratory under our su-
pervision, the influence of the order of the volunteers was examined, in order to check its robustness

Iustration info: The Adoration of Re (The Papyrus of Ani -The Egyptian Book of the Dead-, 1240 BC.
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against different sequences of contributors. As the framework includes a reliability verification module,
different configurations for this module were analysed. Then, the robustness of the proposed platform
against lost contributions (e.g., when volunteers avoid their contribution for a text line because of its
difficulty) was tested. Finally, given that volunteers are a scarce resource, optimisation of the work load
on the side of collaborators was studied.

The final evaluation of this initial set of experiments provided clues on the feasibility of using
this type of platforms for handwritten historical text transcription. Therefore, speech acquisition was
made by using the mobile application Read4SpeechExperiments (Granell and Martinez-Hinarejos, 2016)
for acquiring a rather broad and real sample of collaborators’ speech, where the collaborators read the
text lines where and when they wanted, i.e. without any supervision from our part (see Section 2.8.4).
On this data, a second set of experiments was performed.

The chapter is structured as follows: Section 8.1 presents the details of the data acquisition and
experimental conditions, Section 8.2 shows the supervised experiments, Section 8.3 presents the unsu-
pervised experiments, Section 8.4 summarises the conclusions and the outline of future work lines.

8.1 Experimental Conditions

This section introduces the dataset, speech acquisition, features, models, and evaluation metrics used
on the experiments. More details about these topics can be found on Chapter 2.

8.1.1 Datasets

Historical Manuscript Corpus: Rodrigo

The Rodrigo corpus (Serrano et al., 2010) was the historical manuscript employed in the experiments
with the same partitions used in the previous parts of this thesis (see Section 4.1.1). This corpus presents
several difficulties, such as the following examples, that are present in the first 5 lines of the page 515
(Figure 8.1):
* Text images containing abbreviations (e.g., #nrd in the second line) that must be pronounced as the
whole word (nuestro [ 'nwes tro ).
* Archaic words (e.g., Amauan, touo, and cibdad in the first, second, and third lines, respectively)
that are not used or have a different spelling in modern Spanish (Amaban, tuvo, and ciudad).
* Words written in multiple forms (e.g., xpidnos -in the third line- and christianos, or numbers as 5
and V) but that are pronounced in the same way (][ kris tja nos ], [ "6iyg ko ]).
* Hyphenated words (e.g., Toledo in the fourth and fifth lines, where a part of the word -Tole- is at
the end of a line and the second part -do- is at the beginning of the following line).

L tulgmiffa Enfis abadia 7 todos by Amanan @ asodes ora
2 muy bemgro. Tgnands 573 sk oo por bron detraes
3 faabdad de Toleds amans deochimngs scqmid dicba s
4 fue esle don bt exlevido por el 2 ﬂr}?ﬁlj‘pozﬁ Tole
5 db Tppimads deliss effsanis. Selroi dom Alfonfoino

Figure 8.1: The 5 first lines of the page 515 of Rodrigo.
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E‘{g Read4SpeechExperiments

Sentence 1/6

fn@q willt Enfy abadi G fodos bo Amanan 1 atortos. era

TAL GUISA EN SU ABADIA QUE TODOS LO AMABAN E A
TODOS ERA

Figure 8.2: Screenshot of the application Read4SpeechExperiments.

Speech: Albayzin and Rodrigo

For the training of the acoustical models we used a partition of the Spanish phonetic corpus Albayzin
(Moreno et al., 1993). In Section 2.8.3, more information about this corpus is presented.

For the initial ASR test, we used the speech samples acquired in a controlled environment from 7
different native Spanish speakers who read the 50 handwritten test lines of Rodrigo (those of pages 515
and 579), giving a total set of 350 utterances (about 15 minutes) acquired by using a computer in the
laboratory (see Section 2.8.4 for more information). These speech utterances were the same used in the
previous parts of this thesis.

For testing the framework in a real scenario, we used the mobile application
Read4SpeechExperiments (Granell and Martinez-Hinarejos, 2016) (see Figure 8.2) for acquiring the
collaborators speech, and the mailing list of our research group for collaboration demand. None of the
received contributions was rejected, given that we intentionally wanted a rather broad and real sample.
We obtained the collaboration of 27 different speakers who installed the application on their own
mobile devices, and read the 50 handwritten text lines (those of pages 515 and 579) without any
control from our side. The collaborators read the text lines where and when they wanted, giving a total
set of 1,350 utterances (about 1 hour and 50 minutes, see Section 2.8.4).

8.1.2 Features

Handwritten text features were computed in several steps as explained in Section 2.2.2. In the case
of speech, Mel-Frequency Cepstral Coefficients (MFCC) were used (Section 2.2.1). Specifically, in the
experiments with the samples obtained from mobile devices, we used MFCC with Cepstral Mean Nor-
malisation (CMN) as ASR features. This normalisation allows us to compensate the long-term spectral
effects caused by different microphones and audio environments in the final features.

8.1.3 Models

Optical and acoustical models were trained as continuous density Gaussian mixtures left-to-right HMM
by using HTK (Young et al., 2006). The lexicon models were modelled as a concatenation of symbols
for HTR or phonemes for ASR. Language models were estimated as a 2-gram with Kneser-Ney back-
off smoothing (Kneser and Ney, 1995). The same models for the Rodrigo corpus as used in the earlier
experiments (see Section 4.1.3, and Section 6.1.3) were used in the following experiments. Only the new
acoustical models, with MFCC-CMN features as employed in Section 8.3 were used in this part of the
work.
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Table 8.1: Baseline results for supervised multimodal crowdsourcing.

Modality WER

HTR 39.3% +4.1
ASR 62.9% +2.2

8.1.4 Evaluation Metrics

Different measures were used to assess the performance of our multimodal crowdsourcing framework
proposal. The quality of the transcription is given by the well known WER with confidence intervals
of 95% (Bisani and Ney, 2004). The statistical significance was confirmed by using p-values obtained
by the Welch’s t-test (Welch, 1947). The significance threshold was set at &« = 0.025. The decoding
reliability R was verified by using the re-normalised 1-best joint probability -Equation (2.43)-, which
is a good estimation of the decoding confidence. Finally, the Collaboration Effort (CE) applied to a
determined draft transcription was measured as the product between the number of lines (batch size B)
that the system asks the collaborators to read, and the actual number of collaborators involved in the
obtainment of the measured draft. More information about these evaluation measures can be found in
Section 2.7.

8.1.5 Experimental Setup

The HTR and the ASR systems were implemented by using the iATROS recogniser (Lujan-Mares et al.,
2008). All processes on language models (inference, interpolation, ...), the decoding output evalua-
tion, and the transformation from Word Graph to Confusion Network were done by using the SRILM
toolkit (Stolcke, 2002).

8.2 Experiment 1: Supervised Multimodal Crowdsourcing

To check the performance of the multimodal crowdsourcing framework proposed in the previous chap-
ter (Chapter 7), we have experimented with the 50 text-line images of the Rodrigo corpus, and the
350 speech utterances recorded in a controlled environment from 7 different collaborators as described
in Section 2.8.4. We started obtaining the baseline values for both modalities. Next, we selected the
speaker who best represented the average error rate of the speech set for adjusting the values of the LM
interpolation factor A and the CN combination factor «. Finally, with the other 6 speakers we tested the
effects of the speakers ordering, the ASR reliability verification, the absence of speech utterances, and
the collaborator effort optimisation.

8.2.1 Baseline and Framework Adjustment

The baseline values were obtained by using the original LM in the decoding process of both modalities.
As can be observed in Table 8.1 (that coincide with the results presented in Section 4.4.1), the HTR and
ASR WER values are quite high due to the difficulty of the task.

The values of the @ and A parameters must be adjusted in order to obtain the best result. We
tested the multimodal crowdsourcing framework adjusting the a and A parameters with the values
{0.4,0.5,0.6}, by using only the speech of the selected speaker. We measured the average reliability
(R) of the speech decoding output, and the same average reliability but weighted by the number of
words contained in the 1-best (R,,). Table 8.2 presents the results obtained for the adjustment. Both
measures, (R) and (R,,), present the same tendency. The system presents the highest reliability when
the multimodal combination is a bit balanced to the speech output (a = 0.6), and the LM interpolation
to the original LM (A = 0.4).

98



Chapter 8. Crowdsourcing Experiments

Table 8.2: Framework adjustment reliability results. Best results are highlighted in boldface.

a A (R) (Ru)

0.4 53.3% 45.8%
0.4 0.5 51.7% 44.1%
0.6 50.3% 42.7%

0.4 45.5% 38.4%
0.5 0.5 44.8% 37.7%
0.6 43.4% 36.3%

0.4 62.4% 54.5%
0.6 0.5 61.3% 53.4%
0.6 61.1% 53.3%

45% ‘ ; ‘
Worst speaker order
Median speaker order 211
40% Best speaker order Emmm |
3
<
R 35% .
o ¥
=
m
2 30% 1
=
=
25% i
20% — — — —
HTR Baseline 1 ond 31 4t 5t 6"

Collaborators

Figure 8.3: Results of the speaker ordering experiments. Best, worst and the median of 11 different
random orders.

Table 8.3: Ordering experiments final results.

Order WER

Worst  29.0% + 3.5
Median 28.6% + 3.8
Best 26.9% +3.9

8.2.2 Speaker Ordering

The 6 speakers not used in the framework adjustment were randomly sorted 11 times giving 11 different
order lists. Figure 8.3 shows the evolution in the system output, from the initial HTR baseline until the
process of the speech of the last collaborator, for the lists that obtained the worst, the median and the
best final results (see Table 8.3). As can be observed in Table 8.3, the worst and the best final results do
not represent any statistically significant differences (p =.445).

Regarding the ordering of speakers, the obtained results show that in the best case, only two
speakers are needed to obtain significant improvements (30.7% + 3.8). Meanwhile, in the worst case
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40% ‘ ‘
Worst speaker order I
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Best speaker order EEEEd
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Reliability threshold ©

Figure 8.4: Results of the reliability verification experiments on the best, the worst and the median
speaker orders. T = 0% means no rejected samples.

Table 8.4: Reliability experiments final results.

Order Threshold © WER

Worst 20% 28.8% + 3.8
Median 20% 28.2% + 3.7
Best 40% 26.1%+3.3

at least four speakers are needed (31.5% + 3.6). As can be seen in the final results from Table 8.3,
the presented framework reached, in the worst order, a relative statistically significant improvement
(p <.001) higher than 26% when compared with the HTR baseline (39.3% + 4.1). From these results, we
conclude that speaker order is not important for obtaining significant improvements.

8.2.3 ASR Reliability Verification

In the presented framework, if the dictations were made only by expert speakers in historical
manuscripts with good pronunciation of ancient words, the output error could be reduced significantly
with the collaboration of less people. However, the aim of this framework is to distribute the effort
among a larger group of non-experts. Therefore, in order to ensure that the speech of the collaborator
enriches the final system output it is necessary to set a minimum reliability threshold.

Figure 8.4 presents the obtained final results when varying the reliability threshold on 3 of the
11 lists (which presented the worst, the median, and the best final results). As can be seen, in all cases
there exists a threshold where the rejection of several speech utterances improves the final results.

In Table 8.4 the summary of the best obtained results is shown. Although these improvements
are not statistically significant when compared with the results obtained without reliability verification
(see Table 8.3), it highlights the importance of verifying the reliability of the speech recognition for
obtaining the best results in a crowdsourcing framework as the one presented in this part of the thesis.

Moreover, we observed that the corrections were made in most cases at the beginning and/or
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Figure 8.5: Results of the speech missing experiments on the best, the worst and the median speaker
orders. 0% means no speech utterances were missing.

at the end of the text lines. This is due to the fact that this selection permits a better refinement of
the language model, making it more reliable for the parts of the lines where its estimation is more
complicated in the initial training.

8.2.4 Absence of Speech Utterances

In this experiment, we tested the strength of this crowdsourcing framework against the absence of
speech utterances. The absence of speech utterances can appear because some collaborators did not
read part of the sentences, or because some speech samples got lost in the communication process.

For each of the 6 speakers used for the test experiments, 20% of their speech samples were ran-
domly selected as missing utterances. Then, we tested the performance of this crowdsourcing frame-
work against the loss of speech samples from 4% to 20% in an incremental way, i.e., the missing sen-
tences set of the 8% contains the missing sentences of the previous 4%, etc.

As can be seen in Figure 8.5, the performance of the presented framework decays when some
speech utterances are missing. Nevertheless, even losing 20% of the speech utterances of each speaker,
in the worst order the final result obtained still achieved a statistically significant (p = .003) value of
30.4% + 3.8, representing a relative improvement of 22.6% over the HTR baseline (39.3% + 4.1).

8.2.5 Collaborator Effort Optimisation

In previous experiments, the speaker order and the reliability verification did not show a significant
impact on the results. Therefore, the configuration with best results was used in the next experiment,
i.e. the best order with a speech decoding reliability threshold of 7 = 40%.

In this experiment we tested the influence of the number of collaborators and the number of lines
to read with the aim of optimising the effort made by the collaborators. Figure 8.6 and Table 8.5 present
the obtained results. As can be observed, the best results are obtained when all people collaborate
with a full effort, i.e., giving the speech transcription of the whole set of text lines. In this case, the
best result is 26.1% + 3.3 of WER, by using the 50 speech utterances of the 6 speakers. This result

101



Advances on the Transcription of Historical Manuscripts

500/0 T T T T T T T T T T
One collaborator ] Four collaborators I
. Two collaborators TZTT3 Five collaborators ===
45% [ Three collaborators ‘ Six collaborators ==
@
= 40% e e R,
~ AR 3
St :T : —
2 359 il |
0 51 R B |1 || A 1
Q EE iy
ke i i i 3
= 30% E : ; i .
% o & |
25% b ¥ H H
o % i K f
20% i Al Al
0 5 10 15 30 50

Batch size B

Figure 8.6: Results of the collaborator effort optimisation experiments.

represents a statistically significant (p < .001) relative improvement of 33.6% over the HTR baseline,
which represents an important effort reduction for obtaining the final transcription.

However, similar statistically significant improvements can be achieved optimising the effort of
the collaborators. As can be observed in Figure 8.6 and Table 8.5, the optimal collaborator load is 30
lines (30.0% + 4.1 of WER for 6 collaborators). Besides, with this load, the obtained improvements are
statistically significant (p <.001) after the collaboration of the 4" volunteer. In this case, the system
output presented a WER of 30.5% + 4.2, which represents a relative improvement of 22.4% over the
baseline. Furthermore, the difference between this value and that obtained by using the 50 speech ut-
terances of the 6 speakers is not statistically significant (p =.128). However, it represents a collaborator
effort reduction of 33.3% in the number of collaborators and 40.0% in the number of lines read by each
collaborator.

The collaborators’ load optimisation allowed us to reduce the number of global collaborations,
given that with a CE = 120 collaborations (30 lines read by 4 collaborators) this crowdsourcing system
improved significantly the transcription of 50 lines. Therefore, it can be expected that with 300 collab-
orations (50 lines read by 6 collaborators) this system could improve significantly the transcription of a
test set of 125 lines.
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Table 8.5: Results of the collaborator effort (CE) optimisation experiments (WER). The WER result
obtained with the best CE (CE =120, 4 collaborators with B = 30) is highlighted in boldface.

Number of Collaborators
1 2 3 4 5 6

5 39.1%+4.2 383%+4.0 37.9%+4.0 37.7%+4.2 37.6%+3.9 37.6%+4.0
10 38.3%+4.2 37.0%+4.0 36.0%+4.1 35.6%+44 354%=+45 35.0%=+4.3
15 37.9% +4.1 36.2%+4.0 34.6%+4.3 33.1%+45 33.5%+45 33.5%+4.6
20 37.7%+4.2 36.2%+4.1 34.2%+4.4 32.9%+4.5 32.5%+44 31.7%+4.6
25 37.6%+4.3 35.0%+4.2 32.9%=+43 31.3%+4.2 31.1%=+43 30.9%+4.3
30 37.4% +4.1 34.2%+3.9 31.5%+4.1 30.5%+4.0 30.5%+4.2 30.0%=+4.1
35 37.4%+4.0 33.7%+3.7 31.3%+3.7 29.8%+3.7 29.8%+42 29.4%+4.0
40 37.2%+4.1 33.7%+4.0 31.3%+4.2 29.0%+4.0 28.4%=+3.9 28.0%=+3.8
45 37.2%+4.1 32.9%+4.1 30.0%+4.0 284%+3.9 27.8%+3.5 27.2%+3.6
50 36.8%+4.2 32.3%+4.0 29.2%+3.8 27.6%+3.5 26.7%+3.4 26.1%+3.3

Batch size B

Table 8.6: Baseline results for unsupervised multimodal crowdsourcing.

Modality WER

HTR 39.3%+4.1
ASR  60.5%+1.3

8.3 Experiment 2: Unsupervised Multimodal Crowdsourcing

To check the performance of the presented multimodal crowdsourcing framework in a real scenario,
we have experimented with the 50 text line images of the Rodrigo corpus, and the 1,350 speech utter-
ances recorded from 27 different collaborators in a real crowdsourcing environment as described in
Section 2.8.4. We started obtaining the baseline values for both modalities; after that, we performed
some preliminary experiments, and then we tested the effects of the ASR reliability verification and the
optimisation of the collaborators work load. Finally, the Collaboration Effort (CE) per line was studied.

8.3.1 Baseline and Framework Adjustment

The baseline values presented in Table 8.6 were obtained by using the original language model in the
decoding process of both modalities. The HTR baseline correspond with the best result obtained in the
HTR decoding process (same than in Table 8.1). However, in the ASR system of this experiment we are
dealing with an additional source of errors due to the differences between the training and test audio
samples (speakers, devices, and environment). In order to alleviate this source of errors, we normalised
the cepstral features. Doing this, we obtained a similar ASR baseline WER value to the obtained in the
previous experiment, in spite of the fact that here the speech utterances were acquired using different
mobile devices without supervision.

In the previous experiment, we observed that this crowdsourcing framework presents the highest
reliability (for this corpus) when the multimodal combination is a bit balanced to the speech output
(@ = 0.6, with ® = 107*), and the language model interpolation to the original model (A = 0.4). We
also noted that the speaker ordering did not show a significant impact on the results. Therefore, in this
experiment, the speaker ordering was defined by the order of reception of the speech collaborations.

8.3.2 Preliminary Experiments

We started evaluating the performance of the multimodal crowdsourcing platform presented in the
previous chapter by using all the collaboration utterances without reliability verification. Figure 8.7
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Figure 8.7: Baseline values and the evolution of the system and ASR outputs for the whole test speech
corpus without reliability verification nor lines selection. The horizontal lines represent the correspond-
ing average ASR WER values.

draws the baseline values for both modalities and the evolution of the system and ASR outputs for the
whole test ASR corpus (CE = 1,350) without reliability verification. As can be observed, the language
model interpolation permits one to reduce the error level in the next speech decoding process (Alabau
etal., 2011), and the combination with the speech decoding results allows the system output to converge
to a better hypothesis with less errors to correct (Granell and Martinez-Hinarejos, 2015). Besides, the
ASR performance is considerably improved, reducing the average WER baseline value (60.5% +1.3) to
33.9%+4.8. Finally, after processing the speech of the last collaborator, the ASR and the system outputs
presented 30.0% + 4.1 and 25.3% =+ 3.9 of WER, respectively. The 25.3% + 3.9 of WER present in this
final system output represents 35.6% of relative statistically significant (p < .001) improvement over
the HTR baseline, and an estimated time reduction for the paleographer revision of about 5 minutes per
page (Serrano et al., 2010).

Additionally, in order to test the unimodal performance of this framework, we conducted an
experiment in the same conditions without HTR initialisation, i.e., only the speech of the collaborators
was processed. As can be observed in Figure 8.8, the behaviour of the system is similar to which was
obtained in the previous experiment. In this case, the ASR decoding output presented an average WER
of 44.2%=+1.2. The WER at the system output decreased to 35.2%=+4.6 from an initial value of 55.6%=5.5.
In spite of the fact that this is a remarkable improvement over the initialisation, this improvement is
not statistically significant (p =.156) over the HTR baseline.

8.3.3 ASR Reliability Verification and Collaboration Effort

In order to analyse the behaviour of our multimodal crowdsourcing platform, we tested setting dif-
ferent speech reliability thresholds (7), and different amount of lines -batches (B)- to be read by the
collaborators.

Figure 8.9 presents the effect of the batch size B and the threshold v on the WER level at the
system output after processing the speech of the last collaborator (the 27" collaborator). We can observe
that a minimum batch size of B = 20 is required to obtain a significant improvement (see details in the
final output column of Table 8.7) over the HTR baseline (39.3% +4.1). On the other hand, the ASR
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Figure 8.8: ASR baseline values and the evolution of the system and ASR outputs processing only the
speech, without HTR initialisation nor reliability verification nor lines selection. The horizontal lines
represent the corresponding average ASR WER values.
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Figure 8.9: Effect of the batch size B and the threshold  on the WER of the final output.

reliability verification allows one to filter the utterances that can worsen the system output. As we can
observe, high values of T remove too many utterances; therefore, the best performance is obtained when
the value of 7 is lower than or equal to 40%.

Figure 8.10 presents the effect of the batch size B and the threshold 7 on the minimum number
of collaborators for improving the system output significantly, i.e. the minimum number of collabo-
rators that allow one to obtain a WER value at the system output lower than 31.2% (which represents
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Figure 8.10: Effect of the batch size B and the threshold 7 on the minimum number of collaborators for
improving the output significantly.

a minimum relative improvement of 20.6%). Therefore, Figure 8.10 only shows results for batch sizes
B > 20, where statistically significant improvements appear. The main conclusion that we can extract
from Figure 8.10 is that high values of 7 require more collaborators to significantly refine the system
output, and that for 7 in 0% — 40% the system presents a similar behaviour.

Table 8.7 summarises the obtained results for the B and 7 ranges that present significant improve-
ments with respect to baseline results. As can be observed, the overall best result in terms of collab-
oration effort (CE) was obtained with B = 30 and 7 = 0%. In this case, the system output presented
a statistically significant (p = .005) improvement (31.1% + 3.8 of WER) after processing the speech of
the second collaborator, i.e., with a CE of only 60 utterances. This WER value represents a relative
improvement of 20.9% over the HTR baseline (39.3% +4.1), and an estimated time reduction for the
paleographer revision of about 3 minutes per page. Moreover, differences with the overall best result
(25.3% + 3.9 obtained with a CE of 1,350 utterances) are not statistically significant (p =.038). Suppos-
ing a similar behaviour on other lines of the corpus, this means that with the whole collaboration effort
(1,350 utterances), 1,125 lines would obtain transcription improvements.

8.3.4 Collaboration Effort per Line

We observed as some lines needed more refinement than others. Thus, we analysed the collaboration
distribution over the set of lines. Figure 8.11 presents a histogram with the collaboration distribution
on the experiments without ASR reliability verification (7 = 0, in order to avoid its influence), and the
selective batches (B = [5,..,45]) in order to observe the presence of lines that were never refined. This
distribution presents the characteristics described in Table 8.8.

As can be observed, several lines, such as the lines number 7, 12, 46, and 48 can be considered as
upper mild outliers, while other lines, such as the lines number 3, 22, 33, 37, and 45 can be considered
as lower mild outliers. There are several lines of special interest, such as the lines number 7 and 48
that required full collaboration, and the lines number 37 and 45 that were never refined. These lines
are presented in Figure 8.12. When comparing their linguistics and visual features, no differences were
appreciated, which led us to verify their features in terms of reliability.

In consequence, we studied the relation between the reliability R obtained in the HTR baseline
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Table 8.7: Collaboration Effort (CE) experiment results summary. The best CE result is highlighted in
boldface.

5 First significant improvement Final output
Collaborators CE WER WER
0% 9 180 30.9%+4.0 29.4%+3.6
20 20% 9 180 30.9%+4.2 29.4%+4.0
40% 10 200 30.7%+4.2 30.2%+4.2
0% 4 100 30.5%=+4.2 28.8%+4.0
25 20% 4 100 30.5%+4.3 29.0%+4.1
40% 4 100 30.9%+4.2 28.2%+3.8
0% 2 60 31.1%+3.8 29.0%+3.9
30 20% 4 120 30.5%+4.3 29.0%+4.1
40% 3 90 30.9%+3.9 29.4%+4.0
0% 2 70 30.2%+3.7 27.6%+3.5
35 20% 2 70 30.4%+3.9 28.0%*3.6
40% 2 70 31.1%+3.8 28.4%=+3.8
0% 2 80 30.0%+3.8 26.9%=+3.6
40 20% 2 80 30.2%+3.7 26.9%+3.8
40% 2 80 30.7%+4.0 27.2%+3.8
0% 2 90 29.6%+4.1 27.0%=+4.1
45 20% 2 90 29.8%+4.0 25.7%=+3.7
40% 2 90 30.9%+4.2 26.3%+3.7
0% 2 100 29.0%+3.9 25.3%+3.9
50 20% 2 100 29.2%+3.8 25.5%+3.9
40% 2 100 30.2%+4.1 25.5%+3.9
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Figure 8.11: Histogram representing the number of collaborations (times read) for each text line in the
experiments for r =0 and B =[5,...,45].

with the collaboration effort per line. This relation is presented in Figure 8.13 and, as can be observed,
the lines with lower R require a higher amount of collaboration. Specifically, the 50% of lines with lower
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Table 8.8: Features of the collaborations per line distribution. Q;, Q5, and Q3 are respectively the 18t
27 and 3" Quartile, IQR the Interquartile Range, LIF the Lower Inner Fence, and UIF the Upper Inner

Fence.

Q Q2 Q3 IOR LIF UIF
54 128 183 129 -139.5 376.5

Line No. Handwritten Text Line Image
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Figure 8.12: Examples of lines that required full collaboration (7 and 48), and lines that were never
refined (37 and 45). Line 7 corresponds with the 7 line of the page 515, while the lines 37, 45, and 48
correspond with the lines 12", 20", and 23" of page 579, respectively.
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Figure 8.13: Relation between the baseline HTR reliability R and the number of collaborations for each
text line in the experiments for = 0 and B = [5,...,45].

R concentrated 76.9% of collaborations. Besides, all lines that needed more repetitions than the average
expected number (121.5) presented a value of R < 97%, whereas those with less repetitions than the
average presented R > 97%. This makes us suppose that a clear border can be established between the
lines that would need more or less collaborations according to the reliability they present in the HTR

recognition.
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8.4 Conclusions and Future Work

This chapter presents the experimentation performed to test our proposal for a multimodal crowdsourc-
ing framework for the transcription of historical handwritten documents. Through this experimenta-
tion, it has been shown that the use of speech is a good additional source of information for improving
the transcription of historical manuscripts, and that this modality allows people to collaborate in this
task using their own mobile device. This framework uses a client / server architecture, where the client
application is publicly available in order to allow collaborators to decide when and where to collaborate.

The experiments showed that in this framework, the number of collaborators is more important
than the order in which their speech is processed, and the speech reliability verification permits us to
achieve better results. Moreover, the lines selection module analyses the transcription reliability at the
output of the handwritten text lines to transcribe, and selects the set of lines with lower reliability to
be presented to the collaborators. In this way, the collaboration effort is focused to the lines whose
transcription needs more refinement.

We propose for future studies the use of more robust modelling methods, such as Deep Neural
Networks (DNN) for optical and acoustical modelling and Recurrent Neural Networks (RNN) for lan-
guage modelling. Moreover, this multimodal crowdsourcing framework is open to be tested with other
datasets.
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“Without music, life would be a mistake.”

Friedrich Nietzsche, Twilight of the Idols, 1889.
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ONDUCTING A DOCTORAL THESIS involves a great amount of work that culminates when a report
, like the one that finishes in the present chapter is completed. However, despite the large
amount of work done, there will always be some additional details to be tested and improve-
ments to be made in future work.

This chapter is structured as follows: Section 9.1 summarises the general conclusions, Section 9.2
shows the scientific work and contributions derived from this thesis, and Section 9.3 presents the future
work lines.

9.1 Conclusions

In this thesis, the reduction of the required effort of the paleographer for obtaining the actual transcrip-
tion of digitalised historical manuscripts have been studied in the following scenarios: multimodality,
interactivity, and crowdsourcing.

In the multimodality part of the thesis (Part II), the benefits of combining additional sources of
information for the transcription of historical manuscripts have been confirmed.

The proposed combination method takes advantage of the fact that different systems make differ-
ent errors; thus, editing operations can correct errors. Insertion and deletion create new word sequences
than enrich the resulting Confusion Network, and the combination can maximise the probability of the
correct word, when both subnetworks contain the correct word even when this word has a low proba-
bility in both subnetworks. Conversely, if only one subnetwork contains the correct word and both sub-
networks contain the same erroneous word, this error will be maximised at the expense of the correct
word. Despite this fact, the experiments performed confirm the strengths of this Confusion Network
combination technique.

When comparing the performance of our proposed combination technique with other hypotheses
combination techniques, we observed that the Lattices Rescoring method (Stolcke et al., 1997) offered by

Len any land can live the minstrel; and so the Saracens have as good habit, whatever wealth they have, to teach their sons a
profession; so, in case he lacks his wealth, he can live from his work.”
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the SRILM toolkit (Stolcke, 2002) allows one to obtain similar results. However, the knowledge acquired
by combining handwritten text and speech recognition allowed the realisation of the rest of the thesis.

In Part III, multimodality was applied on an interactive tool for transcribing historical handwrit-
ten documents (CATTI) (Romero et al., 2012). On the one hand, the multimodal hypotheses combination
allows one to reduce the time and the workload of paleographers for transcribing historical books, due
to the increased recognition accuracy and the quality of the alternatives contained in the multimodal
lattice. On the other hand, the use of Confusion Networks combination allows one to improve the inter-
action (by using on-line touch-screen handwritten pen strokes), given that the multimodal combination
allows to correct errors on the interactive system hypothesis by using the information provided by the
on-line handwritten text introduced by the user.

A multimodal crowdsourcing approach for the transcription of historical handwritten documents
was proposed in the previous part (Part IV) of this thesis. The proposed multimodal crowdsourcing
framework is based on the iterative refinement of the language model and hypotheses combination.
This framework uses a client / server architecture in order to allow collaborators to decide when and
where to collaborate. The mobile application used for speech acquisition is publicly available.

The experiments showed that in this framework the number of collaborators is more important
than the order in which their speech is processed, and the speech reliability verification permits one to
achieve better results. Moreover, the lines selection module analyses the transcription reliability at the
output of the handwritten text lines to transcribe, and selects the set of lines with lower reliability to be
presented to the collaborators. In this way, the collaboration effort is focused to the lines whose tran-
scription needs more refinement. Through this experimentation it has been shown that the use of speech
is a good additional source of information for improving the transcription of historical manuscripts, and
that this modality allows people to collaborate in this task using their own mobile device.

9.2 Scientific Work and Contributions

During the realisation of this thesis I have participated in the following research projects:

e From 16/04/2013 until 30/06/2014 in the research project: Percepcién: Desarrollo de sistemas de
interaccion avanzada hombre-maquina, coordinated by Factory Holding Company 25, S.L (FHC25),
directed at the UPV by Dr. Carlos David Martinez Hinarejos, and supported by the Ministerio de
Industria, Energia vy Turismo under the reference TSI-020601-2012-50.

e From 01/07/14 until 31/10/2014 in the research project: STraDA: Search in Transcribed
Manuscripts and Document Augmentation, directed by Dr. Joan Andreu Sanchez Peird,
and supported by the Ministerio de Economia y Competitividad under the reference
TIN2012-37475-C02-01.

* From 01/11/2014 until 31/12/2016 in the research project: Smart Ways: Desarrollo de una
plataforma tecnoldgica orientada a la eficiencia de los recursos en el campo de las nuevas tecnologias
Internet of things, directed by Dr. Carlos David Martinez Hinarejos, and funded by Ministerio de
Economia y Competitividad under the reference RTC-2014-1466-4.

* From 01/01/2017 in the research project: CoOMUN-Hat: Contexto, multimodalidad y colaboracion
del usuario en procesado de texto manuscrito, directed by Dr. Carlos David Martinez Hinarejos, and
supported by the Ministerio de Economia y Competitividad under the reference TIN2015-70924-C2-
1-R.

The participation in these research projects allowed me to acquire knowledge and research ex-
perience, although it were not always directly related to this thesis. The progress of this thesis and
the other scientific contributions were I have collaborated during the realisation of this thesis were dis-
seminated through presentations and articles in national and international conferences. Moreover, I
have presented parts of this thesis in several seminars and I have realised two research stays, one in
Centre de Visio per Computador (CVC) - Universitat Autonoma de Barcelona (UAB) (Barcelona, Spain),
and the second one in Département Traitement du Signal et des Images (TSI) - Ecole Nationale Supérieure
des Télecommunications (ENST Paris - Télécom ParisTech) (Paris, France) which is one of the top French
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public institutions of higher education and research (Grandes Ecoles) of engineering in France. These
contributions are chronologically sorted.

I started presenting the idea of combining speech and handwriting recognition for improving
the transcription of historical documents in the first meeting of doctoral students of the Universitat
Politécnica de Valéncia in 2014:

* E. Granell, “Multimodal Recognition: Handwriting & Speech”, In I Encuentro de Estudiantes de Doc-
torado, Universitat Politécnica de Valéncia, Valencia (Spain), June 12, 2014.

That same year, the performed work in the Percepciéon project allowed us to present three arti-
cles (related with distributed speech recognition and smart cities) in the international conference Iber-
SPEECH 2014:

* E. Granell and C.-D. Martinez-Hinarejos, “A study of the quality of automatic speech recognition in
distributed system”, In Proceedings of “VIII Jornadas en Tecnologias del Habla” and “IV Iberian
SLTech Workshop” (IberSPEECH 2014), pp. 119-128, Las Palmas de Gran Canaria (Spain),
November 19-21, 2014.

* E. Granell, C.-D. Martinez-Hinarejos, G. Amat, J. Fernandez, A. Arranz, A. Ramos, J.-M. Benedi
and A. Sanchis, “Speech Recognition on the Percepcion Project”, In Proceeding of “VIII Jornadas en
Tecnologias del Habla” and “IV Iberian SLTech Workshop” (IberSPEECH 2014), pp. 321-330, Las
Palmas de Gran Canaria (Spain), November 19-21, 2014.

* C.-D. Martinez-Hinarejos, E. Granell, D. Rambla, A. Calia, A. Lujan, G. Amat, A. Ramos, J.-M.
Benedi and A. Sanchis, “The Percepcién Smart Campus system”, In Proceedings of “VIII Jornadas en
Tecnologias del Habla” and “IV Iberian SLTech Workshop” (IberSPEECH 2014), pp. 359-366, Las
Palmas de Gran Canaria (Spain), November 19-21, 2014.

In 2015 the main scientific contributions for the Multimodality part (Part II) were produced.
Throughout that year I managed to develop a new multimodal combination technique based on Con-
fusion Networks, that I tested mainly in two different experiments: iterative multimodal combination
and combination of multiple speech and handwriting recognisers outputs. Then, in March 2015, I in-
troduced this multimodal combination technique and the performed experiments until that moment in
a seminar in the PRHLT research center:

* E. Granell, “Combining Outputs from Multiple Handwritten and Speech Recognition Systems for
Transcribing Historical Handwritten Documents”, In PRHLT seminars, Universitat Politécnica de
Valeéncia, Valencia (Spain), March 9, 2015.

The criticism at the seminar served to improve the technique and I received proposals for collaboration
in other fields in which this multimodal combination technique could be useful, such as the combination
of off-line and on-line Handwriting Text Recognition.

Additionally, I presented this work in the second meeting of doctoral students of the Universitat
Politecnica de Valencia and in the summer school of the Red Tematica en Tecnologias del Habla (RTTH):

* E. Granell, “Reconocimiento multimodal: Combinando escritura manuscrita y habla”, In II Encuentro
de Estudiantes de Doctorado, Universitat Politécnica de Valéncia, Valencia (Spain), June 25, 2015.

* E. Granell, “Multimodal Combination of Multiple Handwriting and Speech Recognition Systems”, In
RTTH Summer School on Speech Technology: A Deep Learning Perspective, Red Tematica en Tec-
nologias del Habla, Universitat Politécnica de Catalunya, Barcelona (Spain), July 6-9, 2015.

The Multimodality part is supported by two articles presented in two different international con-
ferences. Concretely, the experiments of iterative multimodal combination were presented in the “13th
International Conference on Document Analysis and Recognition” (ICDAR 2015) (Core A), and the
experiments of combination of multiple speech and handwriting recognisers outputs in the “16'" Inter-
national Conference on Computer Analysis of Images and Patterns” (CAIP 2015) (Core B):

* E. Granell and C.-D. Martinez-Hinarejos, “Combining Handwriting and Speech Recognition for Tran-
scribing Historical Handwritten Documents”, In Proceedings of the 13" International Conference on
Document Analysis and Recognition (ICDAR 2015), pp. 126-130, Nancy (France), August 23-26,
2015.
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* E. Granell and C.-D. Martinez-Hinarejos, “Multimodal Output Combination for Transcribing Histor-
ical Handwritten Documents”, In Proceedings of the 16t International Conference on Computer
Analysis of Images and Patterns (CAIP 2015), pp. 246-260, Valetta (Malta), September 2-4, 2015.

The first supporting scientific contribution for the Interactivity part (Part III) was obtained early
in the year 2016. The improvement of an interactive transcription system by using Confusion Networks
Combination to combine off-line and on-line Handwriting Text Recognition was presented in the “12th
IAPR International Workshop on Documents Analysis Systems” (DAS 2016) (Core B):

* E.Granell and V. Romero and C.-D. Martinez-Hinarejos, “An Interactive Approach with Off-line and
On-line Handwritten Text Recognition Combination for Transcribing Historical Documents”, In Pro-
ceedings of the 12" IAPR International Workshop on Documents Analysis Systems (DAS 2016),
pp. 269-274, Santorini (Greece), April 11-14, 2016.

The next contribution was a book chapter where we presented a multimodal approach combining
off-line Handwriting Recognition and Speech Recognition in the interactive transcription system, taking
into account the user feed-back through touchscreen pen strokes (on-line HTR), traditional keyboard,
and mouse operations:

* E. Granell and V. Romero and C.-D. Martinez-Hinarejos, “Using Speech and Handwriting in an
Interactive Approach for Transcribing Historical Documents”, In HANDWRITING: RECOGNITION,
DEVELOPMENT AND ANALYSIS, NovaPub, 2017.

Then, the scientific contributions for the Crowdsourcing part (Part IV) started with a research
stay of a week (June 6-10, 2016) in the CVC research center of UAB. This research stay was partially
supported by the Ministerio de Economia y Competividad of the Spanish Government through the re-
searchers mobility aids of the Multimodal Interaction in Pattern Recognition and Computer Vision Network
of Excellence (R-MIPRCV). During this research stay I presented the developed multimodal crowdsourc-
ing platform for the transcription of handwritten documents in a seminar:

* E. Granell, “Multimodal Crowdsourcing for Transcribing Handwritten Documents”, In Computer Vi-
sion Center, Universitat Autonoma de Barcelona, Bellaterra, Barcelona (Spain), June 6-10, 2016.

This multimodal crowdsourcing platform for the transcription of handwritten documents was
tested through several experiments, and was presented in the “16'" ACM International Symposium on
Document Engineering” (DocEng 2016) (Core B):

* E.Granell and C.-D. Martinez-Hinarejos, “A Multimodal Crowdsourcing Framework for Transcribing
Historical Handwritten Documents”, In Proceedings of the 16" ACM International Symposium on
Document Engineering (DocEng 2016), pp. 157-163, Vienna (Austria), September 13-16, 2016.

Given that collaborators are a scarce resource, we studied how to get the maximum benefit from
their effort in this crowdsourcing platform. This study and a tool that we developed for acquiring speech
samples from mobile devices were presented in the international conference IberSPEECH 2016:

* E. Granell and C.-D. Martinez-Hinarejos, “Collaborator Effort Optimisation in Multimodal Crowd-
sourcing for Transcribing Historical Manuscripts”, Advances in Speech and Language Technologies
for Iberian Languages, pp. 234-244, Springer, 2016.

* E. Granell and C.-D. Martinez-Hinarejos, “Read4SpeechExperiments: A Tool for Speech Acquisition
from Mobile Devices”, In Proceedings of “IX Jornadas en Tecnologias del Habla” and “V Iberian
SLTech Workshop” (IberSPEECH 2016), pp. 411 - 417, Lisboa (Portugal), November 23-25, 2016.

The next step was to study the behaviour of this crowdsourcing framework using real speech
samples acquired from mobile devices. Therefore, we called for collaboration and we obtained the
collaboration of a huge amount of speakers that used the Read4SpeechExperiments application for the
acquisition of the dictation of the contents of the text lines. This data was used to perform experi-
ments in order to analyse the behaviour of the crowdsourcing framework in a real scenario. This work
was published in the international journal IEEE/ACM Transactions on Audio, Speech, and Language
Processing (JCR: 1.225):

* E.Granell and C.-D. Martinez-Hinarejos, “Multimodal Crowdsourcing for Transcribing Handwritten
Documents”, In IEEE/ACM Transactions on Audio, Speech, and Language Processing, Vol. 25,
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Num. 2, pp. 409-419, 2017.

In March 2017, I presented the complete crowdsourcing platform and all the performed experi-
ments in a seminar in the PRHLT research center:

* E. Granell, “Multimodal Crowdsourcing for Transcribing Historical Manuscripts.”, In PRHLT semi-
nars, Universitat Politecnica de Valencia, Valencia (Spain), March 23, 2017.

At the end of 2016 I had the opportunity to perform a research stay of three months (from Septem-
ber 20" to December 20™") in the TSI department of Télécom ParisTech. This research stay was partially
supported by the European Commission through the European Union programme for education, training,
youth and sport Erasmus+. The aim of this research was to improve the recognition of Out Of Vocabulary
(OOV) words in the transcription of historical manuscripts. Through an extensive experimentation,
we achieved to recognise a great amount of OOV words without using external resources to enrich the
language model. Currently, two articles are in preparation from this experimentation.

Moreover, during the realisation of this thesis I have collaborated on some research that were not
directly related with the domain of this thesis but that gave me the opportunity to continue learning
and to offer other interesting contributions to the scientific community, such as the work presented in
the “11™" ACM International Conference on Interactive Surfaces and Spaces” (ISS 2016) (Core A):

* E. Granell and L. A. Leiva, “Less Is More: Efficient Back-of-Device Tap Input Detection Using Built-
in Smartphone Sensors”, In Proceedings of the 11th ACM International Conference on Interactive
Surfaces and Spaces (ISS 2016), pp. 5-11, Niagara Falls (Canada), November 6-9, 2016.

In this research, Back-of-Device (BoD) interaction using current smartphone sensors (e.g. ac-
celerometer, microphone, or gyroscope) was studied with the aim of selecting the optimal subset of
features that is a good predictor of BoD tap based input while ensuring low energy consumption.

Finally, Table 9.1 presents a summary where the publications related to this thesis are high-
lighted.

Table 9.1: Summary of relevant publications.

Thesis Part Publication Type Ranking

Multimodality =~ Granell and Martinez-Hinarejos (2015a) Conference  Core: A
Granell and Martinez-Hinarejos (2015b) Conference  Core: B

Interactivity Granell et al. (2016) Conference Core: B
Granell et al. (2017) Book Chapter

2016a) Conference  Core: B
2016b) Book Chapter

2016¢c) Conference

2017) Journal JCR: 1.225

Crowdsourcing Granell and Martinez-Hinarejos
Granell and Martinez-Hinarejos
Granell and Martinez-Hinarejos
Granell and Martinez-Hinarejos

—~ o~ —~ —

9.3 Future Work

We propose for future studies the use of more robust modelling methods for the natural language recog-
nition systems, such as Deep Neural Networks (DNN) for optical, acoustical, and kinematical modelling
and Recurrent Neural Networks (RNN) for language modelling. The use of context in morphological
modelling is another option to be explored in the future. Using these models, it is expected that we will
obtain better unimodal baseline lattices.

Regarding multimodality, the use of whole sentences instead of lines of the handwritten text
corpus might make multimodality more natural from the point of view of the paleographer or speaker
who has to dictate the contents of the handwritten text images to the ASR system.

In the case of interactive transcription, we are planning to test the use of speech not only as an
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additional source of information of the handwritten text image to transcribe in the CATTI system, but
as an additional modality for Computer-Human Interaction (CHI). Furthermore, our future works aim
also at taking advantage of the real samples that are produced while the system is used for adapting the
feedback natural language recognisers to the user.

Finally, the proposed multimodal crowdsourcing framework and the multimodal interactive tran-
scription system could be integrated and tested with other datasets.
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